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Chapter 1

Introduction
George Nikolakopoulos
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

1.1 Introduction

This book aims to address the major challenges and knowledge regarding the
creation of the next generation of Aerial Robotic Workers (ARWs). The term
ARW stems from the enhancement of the classical Unmanned Aerial Vehicles
(UAVs) by providing the ability to autonomously interact with the environment
while enabling advanced levels of autonomy with respect to environmental per-
ception, 3D reconstruction, active aerial manipulation, intelligent task planning,
and multi-agent collaboration capabilities.

Such a team of ARWs will be capable of autonomously inspecting infras-
tructure facilities and acting executing maintenance or complex generic task
by aerial manipulation and exploiting multi-robot collaboration. Furthermore,
the book aims to investigate the emerging scientific challenges of multi-robot
collaboration, path-planning, control for aerial manipulation, aerial manipulator
design, autonomous localization, sensor fusion, and cooperative environmental
perception and reconstruction.

Emphasizing transforming research excellence in specific and realistic tech-
nological innovation, this book also deals with the investigation of an approach
with very promising returns in the areas of infrastructure inspection, repair &
maintenance, leading to big savings in costs while maximizing personnel/asset
safety. With such a potential impact, the technological concept of ARWs has
been placed at the forefront of bringing Robotics to the basis necessary in real
applications, where they can make a real-life difference and true impact. An
illustration of the ARW concept for the case of wind turbine maintenance is
depicted in Fig. 1.1.

The concept of ARWs advocates that important civil applications can be ac-
complished efficiently and effectively by a swarm of ARWs with unprecedented
onboard capabilities and collaborating autonomously for the execution of com-
plex common tasks and missions.

Towards this vision, this book integrates a collection of multi-disciplinary
research in the field of ARWs that are integrated into robust, reliable, and ready-
to-operate technological solutions that form the fundamental components of the

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00007-X
Copyright © 2023 Elsevier Inc. All rights reserved.
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2 Aerial Robotic Workers

FIGURE 1.1 Concept of Inspection and Maintenance of a wind turbine based on multiple ARWs.

ARW technology. An overview of the scientific and technological directions is
provided below.

1. Dexterous Aerial Manipulator Design and Development
Among the first main goals of the book is the realization of an aerial ma-
nipulation system that will be able to equip the aerial vehicles to perform
physical interaction and mutual robot-robot interaction toward collaborative
work-task execution. The design of the manipulator will be presented such
that it limits the influence on the stability of the aerial platform through the
proper selection of the mechanisms and an adequate configuration and mor-
phology. At the same time, it allows for additional co-manipulation tasks of
the same object from two or more ARWs. Towards this objective, a complete
aerial manipulator will be presented, including the corresponding modeling
and control scheme for enabling dexterous aerial manipulation.

2. Collaborative Perception, Mapping and Vision for Manipulation
For automated inspection and manipulation to become feasible, the ARWs
need to build up the right level of scene perception to encode the spatial
awareness necessary before they can autonomously perform the tasks at
hand. As a result, the first step in developing the ARWs’ perception has been
the utilization of the sensor suite onboard that each ARW has (comprised pri-
marily of visual and inertial sensors) to perceive both their ego-motion and
their workspace, essentially forming the backbone of each ARW’s auton-
omy. Following promising leads from previous work, here there have been
multiple sensor fusion approaches in order to account for the dynamic cam-
era motions expected by agile robots, such as the rotorcraft ARWs and the
challenging industrial environments of potentially GPS denied SubT and fea-
tureless areas, deviating from traditional scenarios of office-like, urban or
natural sceneries.

3. Aerial Robotic Workers Development and Control
The ARWs constitute a great research challenge, both with respect to its de-
velopment, as well as its control, targeted for active aerial (co-) manipulation
and tool-handling interaction for the execution of work-tasks. The zero-
liability prerequisite for its intended deployment within critical infrastructure
environments imposes careful investigation to determine those practices that
add to its dependability (fail-safe redundancy, real-time diagnostics, vehicle
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Introduction Chapter | 1 3

design aspects) that make it almost-inherently unable to cause asset damage
or place human lives at risk. The control-related research efforts focused
on addressing the problems of single task manipulation, interaction, and
work task execution. The formulated control strategies encompassed each
complete ARW’s configuration while achieving flight stabilization, yielding
increased levels of reactive safety and excellent robustness against collisions.
The synthesized control schemes focused on achieving high manipulation
performance and compliant motion during work-task interaction, mainly in
complex and entirely unknown (exploration missions) environments.

4. Collaborative Autonomous Structural Inspection and Maintenance
New methods for collaboration of multiple heterogeneous aerial robots have
been developed and addressed the problem of autonomous, complete, and
efficient execution of infrastructure inspection and maintenance operations.
The presented methodology aims to provide decentralized, local control laws
and planners to the individual vehicles that can accommodate heterogeneity
through a model-free approach. To facilitate the necessary primitive func-
tionalities, an inspection path-planner that can guide a single ARW to effi-
ciently and completely inspect a structural model will be presented. At the
same time, these features allowed for attributes such as system adaptability
to unexpected events, heterogeneity and reactivity to new online tasks, and
further enhancing the overall system. The topics that will be presented will
focus on the: a) single and multi-robot “anytime” and efficient collaboration
for autonomous structural inspection, b) collaborative manipulation of tools
and objects, c) complex work-task adaptation during exploration missions in
SubT environments.

5. Deployment of Autonomous Aerial Robotic Infrastructure Solutions
The collaborative team of ARWs will be able to autonomously plan, execute,
and adapt online the plan for complete infrastructure inspection missions.
This essentially corresponds to a step change that will benefit the infrastruc-
ture services market by both increasing the safety levels (reducing personnel
risks and asset hazards) and reducing the direct and indirect inspection costs,
mostly by minimizing the inspection times, executing certain tasks during
operating time of the facility, providing repeatable tools, and enabling for-
mal analysis of the results.

1.2 Structure of the book

To reach the vision of the book in the future utilization of ARWs, the presented
materials have been divided into two major parts. The first part focuses on the
theoretical concepts around the design, modeling, and control of ARWs, while
the second part deals with characteristic applications and demonstrations of the
ARW utilization in realistic use cases.

As such, the first part will begin by presenting analytically the fundamental
hardware modules that consist of the ARWs in Chapter 2, followed by estab-
lishing the most popular mathematical modeling and control approaches for
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4 Aerial Robotic Workers

ARWs in Chapters 3 and 4, respectively. In these Chapters, we have selected
to highlight only the most popular modeling and control approaches that can
be directly utilized in experiments as an effort to increase the overall focus and
impact of the book. In the sequel, Chapter 5 will focus on the perception aspects
of the ARWs. In contrast, Chapter 6 will initiate the integration of the previous
Chapters into more complete and integrated missions, and thus it will consider
the navigation problem of ARWs. Chapter 7 will discuss the exploration task
for ARWs in demanding complex and GPS-denied environments, e.g., the case
of sub-terranean use cases. Chapter 8 will analyze methods for measuring and
estimating the external forces acting on ARWs, while Chapter 9 will purely
focus on aerial manipulation, including modeling, control, and visual servoing
tasks. Chapter 10 will conclude the first part of the book by presenting the lat-
est machine learning (data-driven) approaches and applications in the area of
ARWs, as an alternative approach to the classical modeling and control tasks,
for increasing the capabilities and the utilization of ARWs in more application
oriented missions.

The second part of the book will focus on real-life applications of ARWs,
and as such, Chapter 11 will discuss establishing a framework for the collabora-
tive aerial inspection of wind turbines based on multiple ARWs. Chapter 12 will
present and analyze a complete framework for reactive (online) exploration of
fully unknown sub-terranean environments and in full autonomy, while Chap-
ter 13 will conclude this book by presenting an edge-based networked architec-
ture for offloading fundamental algorithmic modules that are legacy performed
on board an aerial vehicle, to the edge and as such increasing the overall perfor-
mance and the resiliency of the mission.

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



Chapter 2

The fundamental hardware
modules of an ARW
Anton Koval, Ilias Tevetzidis, and Jakub Haluska
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

2.1 Introduction

ARWs are an example of advanced integration and synchronization among
numerous hardware and software components, all designed and integrated to
operate onboard the ARW and thus enabling the proper autonomy levels for
completing demanding missions. The latest developments in embedded comput-
ers, electric motors, sensorial systems, and batteries are capable of introducing
radical new developments in the area of UAVs and, more specifically, on the
topic of Aerial Robotic Workers. In this case, the ARWs are envisioned in the
next years to find a huge interest from the robotics community, especially in the
development of innovative field robotic technologies. As such, in the rest of this
Chapter, the fundamental components and technologies for developing an ARW
will be presented.

2.2 Design of the ARWs

This Section introduces the basics of the design of ARWs, focusing on ARWs
in the form of multi-rotor aircrafts. Furthermore, the purpose of this Section is
to give a basic overview of possible configurations and design approaches and
provide very general guidance for their design based on the experiences from
the user perspective and lessons learned.

2.2.1 Frame design

The core element of all multi-rotor aircrafts is the frame. Essentially, its struc-
ture needs to be rigid while being able to lower or cancel vibrations that are
coming from the motors. Before we move any further in the design, let us de-
fine the coordinate frame of a generic ARW. We place the center of origin at
the geometrical center of the ARW. The X(+) axis is going toward the front

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00008-1
Copyright © 2023 Elsevier Inc. All rights reserved.
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6 Aerial Robotic Workers

of the drone, and the Z(+) axis upwards, as shown in Fig. 2.1. At this point,
it should also be noted that in this book, we will follow this convention when
talking about coordinates and axis.

FIGURE 2.1 Definition of the coordinate frame for a generic ARW.

The flight of an ARW consists of three basic movements, namely the roll,
pitch, and yaw, while these movements are depicted in Fig. 2.2.

FIGURE 2.2 The basic movements of ARW. Roll, pitch, and yaw.

One of the main factors determining the shape of an ARW is the number
of rotors used for the propulsion. The most commonly used configurations one
can mention are the Tricopter, the Quadrotor, the Hexarotor, and the Octarotor.
These configurations are depicted in Fig. 2.3.

The configurations above describe ARWs with a single motor and a propeller
mounted on each arm. However, there are special cases with co-axial motors as
depicted in Fig. 2.4, where each arm carries two motors, and the propellers are
placed on top of each other while rotating in opposite directions. Using this ap-
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FIGURE 2.3 Selection of Rotor configurations of the multi-rotor ARWs supported by the PX4
flight controller.

FIGURE 2.4 Single rotor configuration – left. Coaxial rotor configuration – right.

proach, one can increase the thrust generated by the propulsion system without
changing the footprint or the frame configuration of the ARW.

Another parameter defining the shape of the ARW’s frame is the motor ar-
rangement. For example, the quadrotor frame can have the following motor
arrangements: Plus, H, True X, Modified X, and Dead cat X, as depicted in
Fig. 2.5.

FIGURE 2.5 Examples of quadrotor configurations.

The optimal frame design should be geometrically symmetrical along the
XZ and YZ planes. If the frame is fully symmetrical, the ARW will have the
same flying behavior in both the pitch and roll maneuvers. In certain cases,
modifications of the ARW frame can result in a positive impact on the behavior
of the ARW during the flight. For example, a quadrotor with elongated X frame
will be more stable during the Pitch maneuver (compared to the Roll maneuver).
This can be helpful when the platform is designed to fly at high speeds with
aggressive pitch.

Another reason for the utilization of a non-symmetrical frame can be due to
the need for a specific sensor payload on board the vehicle. For example, the

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



8 Aerial Robotic Workers

Dead cat X configuration, Fig. 2.5 can be used to remove propellers from the
field of view of the front-facing camera. In any case, the weight distribution of
the sensor payload on the frame should be well balanced to allow the load to
be distributed evenly across all the motors while hovering. Besides the weight
distribution, it is necessary to keep in mind the placement of the flight controller,
which is commonly placed in the center of rotation of the ARW.

2.2.2 Materials used for frame construction

Mass-produced, of-the-shelf multi-rotor aircrafts, like any other products, con-
sist of various parts manufactured using various technologies. From plastic
injection molding and CNC machining to components made out of composite
materials. The purpose of this Section is to give a basic overview and inspiration
of materials and technologies used for building custom “Do It Yourself” ARWs,
while other drone builders might utilize different machines and technology for
manufacturing.

In general, for the structural parts of the ARWs, carbon fiber materials
(sheets and tubes) could be utilized. A computer numerical control (CNC) router
can be utilized to manufacture the components out of the carbon fiber sheets.
The rest of the components (sensor mounts, covers, landing gears) could be
manufactured using 3D printers. Most 3D printed components are made from
fused filament fabrication (FFF) 3D printing technology. In case some compo-
nents require higher precision than FFF, 3D printing can be provided; one can
also print them on Stereolithography (SLA) 3D printers.

As an illustration of different approaches of different types of ARWs devel-
oped, the first is a re-configurable drone that is called “R-Shafter”. The research
idea behind this drone was an exploration of narrow openings, where each
individual arm is actuated by a servo motor, and the drone can change its con-
figuration while flying. Fig. 2.6 shows the concept of the configuration change.

From the materials and construction point of view, the construction the drone
is made out of carbon fiber cutouts and 3D printed parts. The body plates have
a thickness of 2 mm and the arms 4 mm. R-Shafter weights about 1500 g and
uses 5 inch propellers (diameter 80 A). In the “X” configuration as shown in the
Fig. 2.7, the x, y dimensions (without the propellers) are about 250 × 250 mm.

The second example is an ARW called “Outsider”, Fig. 2.8. The frame is
constructed from a combination of carbon fiber cutouts and carbon fiber tubes.
The thickness of the top and bottom plates is 2 mm. The tubes used for the arms
have a diameter of 22 mm and a thickness of 1 mm. This drone uses 3D printed
parts as covers and sensor mounts. Outsider weights about 5000 g and uses
14 inch propellers (diameter 355.6 mm). The maximal width of the platform
(excluding the propellers) is 910 mm.

The arms are made out of carbon fiber tubes (or profiles), and it could be
lighter than arms from carbon fiber sheets, while keeping the same stiffness.
Another reason to use carbon fiber tubes in this case is that many CNC machines

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



The fundamental hardware modules of an ARW Chapter | 2 9

FIGURE 2.6 Configuration change while flying [1].

FIGURE 2.7 “R-Shafter” – re-configurable multi-rotor ARW that was constructed using carbon
fiber sheet cutouts.
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10 Aerial Robotic Workers

could not accommodate this in their work area. An additional bonus of this
approach is the possibility to utilize the inner space of the tubes, for example, as
a guide and protection for the motor cables.

FIGURE 2.8 “Outsider” was constructed using carbon fiber sheet cutouts for the frame, while the
arms were made of carbon fiber tubes.

The last example of a custom-made ARW is a drone called “Shafter”,
Fig. 2.9. Its design approach combines a custom-made frame out of carbon fiber
cutouts. Shafter’s arms are built from re-used of- the-shelf spare parts for com-
mercial hexa-copter. The carbon fiber plates that are used for the frame have
thickness of 3 mm. The platform uses 12 inch propellers (diameter 304.8 mm)
and weights about 4500 g. Shafter’s x, y dimensions are 385 × 515 mm. The
idea of utilizing already engineered and functional components has a drawback.
Once the original platform or parts are discontinued, it might be problematic to
find the spare parts for the ARW.

In most cases, these ARW platforms have a payload that consists of sensors
used for infrastructure inspection and autonomous navigation in open space and
GPS-denied environments. The most expensive and fragile sensor mounted on
ARW is the Velodyne 3D LiDAR. To protect this sensor, many drones, for ex-
ample, the Shafter drone, integrate a protection cage, which is also constructed
from carbon fiber cutouts of 3 mm thickness, as depicted in Fig. 2.10.

Generally, the design of a multi-rotor aircraft should be robust in case of
collisions. It should also be repairable with easy replacement of the damaged or
broken parts. The components like an onboard computer, which may require ac-
cess to its ports for debugging and troubleshooting, should be accessible without
tearing the whole platform apart. At the same time, the design should be “smart”
enough to allow replacing the components without extensive disassembly of the
whole platform.
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The fundamental hardware modules of an ARW Chapter | 2 11

FIGURE 2.9 “Shafter” was constructed using a combination of carbon fiber sheet cutouts and
commercially available arms.

FIGURE 2.10 Render of the protective cage for the Velodyne and sensor itself.

2.2.3 Frame sizes and classification

There are many approaches to dividing and classifying ARWs into different
categories. For example, based on the take-off weight, according to the US de-
partment of defense, the UAVs can be divided into 5 groups as shown in the

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



12 Aerial Robotic Workers

table of Fig. 2.11. All drones mentioned in this Chapters belong to the group 1
– small UAV.

FIGURE 2.11 Classification of UAVs [2].

The European Union Aviation Safety Agency (EASA) classifies UAVs based
on their weight as shown in Fig. 2.12. According to this classification, the R-
Shafter belongs to the category under 2 kg, while the Outsider and the Shafter
to the category under 25 kg.

FIGURE 2.12 EASA classification of UAVs [3].
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When it comes to the custom-build research platforms, there is no practical
classification of the ARWs. Typically the ARWs used as research platforms are
designed for a specific purpose; thus, they excel in one aspect and suffer in
the rest, in comparison with universal, commercially built ARWs. For example,
ARWs similar to the Shafter platform are generally small platforms and can
fly in relatively narrow mine corridors and still carry all the sensors needed for
autonomous navigation and exploration but for missions with a smaller flying
duration.

The rule of thumb can be as follows: Heavier ARWs use larger propellers,
and so the size of the frame is bigger. Depending on the requirements of the
ARW, the design can be restricted based on the ARW size. The size of the
ARW directly affects the propeller size selection and, consequently, the max-
imal take-off weight. In general, the take-off weight can be restricted (sensors,
onboard computers, etc.), which will, in the sequel, determine the size of the
ARW, while different applications pose different requirements and restrictions
on the selection of the ARW type or the ARW-specific configuration and size.

2.3 Battery life

This Section introduces the process of battery selection according to different
use cases that takes into consideration the sensor payload, the onboard com-
puter, the actuators, and the propulsion. The selection is based on the desired
battery chemistry Lithium-Polymer (Li-Po) or Lithium-Ion (Li-Ion), capacity,
discharge rate, and voltage that is derived from the particular requirements of
each individual configuration. As we will discuss in the next subsection, the
platform design will also affect the selection process of the battery to power it.

2.3.1 Different use cases

This subsection will explain how some electrical components can affect the bat-
tery selection process more than other. In the case of an ARW, it will be the
propulsion system of the vehicle that will dictate some of the battery character-
istics. As, in most cases, the motors and the electronic speed controllers (ESC)
used for propulsion are designed by the factory to work with specific voltages
and draw a maximum amount of current that is significantly higher than any
other component that might be included on the ARW. In these cases, the battery
needs not only to satisfy the voltage but also to have a high enough discharge
rate to be able to provide the maximum current of the motors safely. Discharge
rates and other battery characteristics will be discussed in a later subsection.

In cases where propulsion systems are not included, the discharge rating of
the battery is not as important as in the example above. Then, it is a matter
of defining the voltage suited for the electrical components and calculating the
battery capacity depending on the desired total running time of the platform.
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2.3.2 Battery characteristics

In this subsection, we will discuss the different battery characteristics, among
which are more and less important. Let us begin with the three most important
characteristics that need to be tailored for each individual ARW: the capacity,
the discharge rate, and the voltage.

Battery capacity describes how much current can be drawn from the battery
in one hour; therefore, the units used are amp-hours. Calculating the battery
capacity needed is the most complex of the three characteristics described. As
there are more variables that need to be accounted for, for example, the total
weight, often called all up weight (AUW) of the ARW, the average amp draw
(AAD) and also the motor-propeller combination of the ARW.

Motors with different propellers and voltages will provide different thrust at
different current draw, while the operating voltages will be described later in
this subsection. Manufacturers usually provide data tables of the motors with
different propeller combinations that show how much thrust one motor provides
at different workloads, see Fig. 2.13.

FIGURE 2.13 Thrust table for different voltages and propeller configurations.

A rule of thumb for choosing the correct motor-propeller configuration is
that the workload on the motor should be between 50% and 60% to create the
thrust equal to the total weight of the platform. These data tables can be used
to calculate the AAD of the ARW, which will help with calculate the battery
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capacity needed for specific flight time, based on the equation below:

AUW × I1 = AAD, (2.1)

where I1 is the current that the motors require to lift one kilogram. With AAD
known, the battery capacity can be calculated as follows:

Th × AAD

D%
= capacity, (2.2)

where Th is the desired flight time in hour, and D% is the discharge percentage in
decimal, in other words, how much of the total capacity of the battery is going to
be used. For Li-Po and Li-Ion batteries, that is between 70–80% without risking
damaging the battery pack.

Depending on the use case of the drone, the calculated capacity will not
be totally adequate for the real-life application. If the ARW spends most of
its time hovering and does not move much, then the real-time flight will be
approximately 75% of the calculated flight time. If the ARW faces strong winds
and moves more, then the real time flight will be approximately 50% of the
calculated flight time.

There is also a balance between battery capacity and weight that needs to be
considered, because the higher the capacity of a battery pack gets, the heavier
the battery pack will be, thus decreasing the total flight time.

The discharge rate describes how much current can be drawn from the bat-
tery without damaging it. The discharge rate is often referred to as C rating,
and it is multiplied by the battery capacity to determine how much current the
battery can provide. Battery manufacturers often have two C ratings on the spec-
ifications. The first one and the most important refers to how much current one
can draw from the battery constantly without damaging it. The second C rating
refers to the maximum instantaneous, often called “burst”, current draw that the
battery is capable of delivering for a specific amount of time, often specified by
the manufacturer.

For example, if the designed ARW utilizes 4 motor propulsion systems and
each one draws a maximum current of 20 A, the total maximum current draw of
the propulsion system will be 80 A. Let us say that the chosen battery capacity
needed is 5000 mAh, then the discharge rating is calculated by dividing the total
maximum current draw of the propulsion system by the battery capacity. At this
point, it should always be highlighted that special attention should be paid to
converting mAh into Ah:

5000

1000
= 5 Ah. (2.3)

Then calculate the discharge rate as:

80

5
= 16C. (2.4)
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It is always good practice to get a battery with a bit higher discharge rate
than the calculated one so that the battery is not discharging at its maximum
capacity all the time.

Batteries consist of so-called cells. Depending on the voltage needed, the
number of cells that make up each battery pack will be different. More than
often, Li-Po and Li-Ion batteries have a nominal voltage of 3.7 V per cell. Con-
necting those cells in serial configuration will add voltage to the number of cells
in the battery pack. The cell count is often indicated in the battery packs by the
number of cells followed by the letter “S”. For example, a 4-cell battery is called
a 4S battery pack. Fig. 2.14 depicts a Li-Po battery. As shown in Fig. 2.14, all
the information about the battery characteristics described in this subsection is
often printed on the battery pack itself.

FIGURE 2.14 Example of Li-Po battery.

As mentioned above, the motors and electronic speed controller (ESC), when
manufactured, are designed to work with specific voltages, which translates to
specific cell counts in a battery pack.

2.3.3 Battery selection process

In this subsection, we will explain the battery selection process when consider-
ing all the information provided in subsections 2.3.1 and 2.3.2.

There are many online flight time calculators that can be used to determine
the battery capacity needed for a specific flight time, but in the cases brought
up in this book, the ARWs also carry different sensors and computational units.
Each component individually may not consume much power, but adding them
together will result in increased power consumption, which needs to be consid-
ered when choosing the proper battery pack.

The selection process begins with determining the total weight of the ARW
and the specifications of the propulsion system. With this information, it is pos-
sible to calculate the battery capacity needed to drive only the propulsion system
without considering the payload power consumption. Then, the payload power
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consumption is calculated to add the battery capacity needed to accommodate
that. The essential information that is needed from the specifications are the in-
put voltage (Vin) and the maximum current draw (Amax) of the different payload
components. If the maximum current draw is not given, then it can be calculated
using the input voltage and the related power consumption (W) and Ohm’s Law.

To determine how much extra battery capacity is needed to accommodate
the extra payload, the current draw of each component is added. When added,
the total current draw of the payload is multiplied by the desired flight time
converted to hours as presented below:

Ap × Th = Ahp, (2.5)

where Ap is the current draw of the payload, and Ahp is the extra capacity
needed to accommodate the extra consumption. It is also necessary to mention
that the calculations are seldom one hundred percent accurate, and real-life tun-
ning and measuring are always needed.

Let us take an example with the help of the thrust table in Fig. 2.13.
A quadrotor ARW with the total weight of 2 kg, including the battery, has the re-
quirement to fly for 5 minutes, a discharge of the battery of a maximum of 80%
and payload current draw of 5 A, while the ARW will fly slow in an enclosed
environment.

In the thrust table in Fig. 2.13, there are two different operating voltages and
four different propellers. The first step is to decide the operating voltage, or the
cell count of the battery pack, that meets the requirements on thrust. Dividing
2 kg by four gives 500 g, which means that each motor needs to produce 500 g
of thrust, when the throttle is between 50–60%. According to the thrust table,
the best option is a nominal voltage of 14.8 V, which is a 4-cell battery with
10 inch propellers (diameter 254 mm), and this solves the voltage requirement.

The next step is to calculate the total capacity of the battery pack to meet the
flight time requirement. To do this, the AAD needs to be calculated first. From
the thrust table in Fig. 2.13, the motor needs 11.2 A to lift one kilogram. From
Eq. (2.1), we can calculate that:

2 kg × 11.2 A = 22.4 (2.6)

In the sequel, by converting minutes to hours, we get that:

5

60
= 0.083 (2.7)

Now that the AAD, the flight time and the maximum discharge are known,
the calculation of battery capacity is possible. Inserting the results from
Eqs. (2.6) and (2.7) to Eq. (2.2) and with a total discharge of 80%, we calculate
that:

0.083 × 22.40

0.80
= 2.32 Ah (2.8)
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Compensating for the real-life application by increasing by 25%, it results
in a battery capacity of approximately 2.91 Ah.

Now that the battery capacity for the propulsion system has been calculated,
the next step is to accommodate for the payload power consumption. Thus, in-
serting the flight time and the payload current draw into Eq. (2.5) gives:

0.083 × 5 ≈ 0.42 Ah (2.9)

Thus, by adding the previously obtained results, we can obtain a total battery
capacity of 3.33 Ah.

The final step is to calculate the discharge rate required for the battery pack to
be able to safely supply the current to the motors. That is done by multiplying the
maximum current draw of the motor by four, since in this case, it is a quadrotor
ARW, and adding the current draw of the payload to that. It will result in a
total maximum current draw of 49.8 A. From Eq. (2.4), dividing 44.8 A by the
battery capacity previously calculated will give a discharge rating for the battery
pack of approximately 15C. As mentioned before, it is always a good practice
to get a higher discharge rate battery pack than the one theoretically calculated
for safety reasons.

2.4 Propulsion system

The propulsion system, Fig. 2.15, commonly consists of the battery, the ESC,
motor, and propeller. In this section, we are discussing it for a quadrotor ARW.

FIGURE 2.15 Example of the propulsion system of ARW consisting of a battery (represented as
connectors, ESC, motor cables, and motor with propeller [4].

2.4.1 ARW flying and maneuvering principles

In this case, we will explain the principle of how the ARW is flying based on the
example of a quadrotor ARW. The gist of it are four motors that are stiffly placed
on the drone frame. The flight controller unit (FCU) is responsible for giving
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commands to the ESC with the so-called Pulse Width Modulated (PWM) signals
to either increase or decrease the thrust of the motors that will consequently
maneuver the ARW by producing more or less thrust force. Besides the thrust
force (F1, F2, F3, F4), each motor generates a moment (M1, M2, M3, M4)
in the direction opposite to the rotation of the motor. More discussions about
forces and moments will be given in Chapter 3. The ARW uses the principle of
canceling moments. By spinning the two diagonal opposite motors clockwise
(CV) and the other two diagonally opposite motors counter clockwise (CCW),
the moment of each pair of motors is canceled as can be seen in Fig. 2.16.

FIGURE 2.16 Thrust forces and moments generated by the ARWs motors [5].

The ARW performs various maneuvers by continuously changing the motor
speeds, resulting in the change in the thrust and moments generated by each
motor.

The roll, pitch, and yaw, Fig. 2.2, maneuvers are performed using specific
combinations of thrust forces as described below, while the total sum of the
thrust forces from the motors must be greater than or equal to the weight of the
platform. Generally, there are six basic states of flight of the ARW: hover, climb,
descent, pitch, roll, and yaw.

FIGURE 2.17 Different flight modes and their respective thrusts per rotors.
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1. Hovering. In this state, when the platform hovers, all of the motors produce
an equal thrust, which equals the weight of the platform. The platform is
stable as shown in Fig. 2.17a.

2. Climbing. In this state, all the motors produce equal thrust, but the total sum
is greater than the weight of the platform. The platform is climbing from the
ground or from the default state of hovering.

3. Descent. This state is opposite to the Climbing. During the descent, all the
motors produce equal thrust, but the total sum is lower than the weight of the
platform. The platform is descending from the default state of hovering.

4. Pitching maneuver. For example, when pitching forward, the back two mo-
tors produce more thrust than the two motors in the front. It causes the
platform to tilt and fly forward as shown in Fig. 2.17b. Respectively, if the
front motors produce more thrust, the platform will move backward. The
total thrust is slightly larger than the weight of the platform.

5. Rolling maneuver. For example, when rolling right, left two motors are pro-
ducing more thrust than the two on the right. This causes the platform to tilt
and fly to the right, as shown in Fig. 2.17c. Respectively, if the right motors
are producing more thrust, the platform will move to the left. The total thrust
is slightly larger than the weight of the platform.

6. Yawing maneuver. The platform is rotating around the line passing through
the center of mass, parallel to the thrust vector. Yaw maneuver is done in the
way that two motors on the diagonal are spinning faster, so producing more
thrust than the opposite motors, as shown in Fig. 2.17d. At the same time,
the torque of the motors is not canceled, and the platform yaws. The total
sum of the thrust produced by all the motors is equal to the weight of the
platform.

2.4.2 Propulsion system design

The goal of this subsection is not to give complete detailed instruction on how
to design the propulsion system of an ARW, but rather give a basic overview
and tips from field experience in deploying ARWs. The “propulsion system”
of a propeller-based ARW consists of the following 4 sets of components: the
battery, ESC, the rotor (motor+propeller). The simplified diagram of the propul-
sion system of the ARW, including the data and power chains, is shown in
Fig. 2.18. The maximal performance of the whole system is given by the maxi-
mal performance of the weakest member. For example, a motor requiring 40 A
to provide the full power will not perform optimally when it is connected to the
ESC with the maximal output of 30 A.

The defining parameter of the actuator selection is the weight of the platform,
and flight characteristic requirements (for example, flight time). The system is
designed optimally when the ARW needs 50–60% of throttle to hover with a
fully charged battery.
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FIGURE 2.18 Block diagram of the propulsion system with power and data chains.

1. The battery must be able to provide enough current to the ESC in any phase
of the flight. At the same time, the battery voltage can not drop under a
certain level, as the brushless motors are voltage driven.

2. The ESC must provide enough current to the motors in any phases of the
flight.

3. The rotor typically consists of a brushless motor and a propeller. The motor
and the propeller must be selected together for an optimal operation. The
general rule is that smaller propellers need faster motors (higher RPMs).
The RMPs of a brushless motor are defined by parameter kv. The simplified
equation to calculate the RPM of the motor is RPM = KV × Voltage.

The selection of the components is typically based on the component speci-
fications provided from the data sheets by the manufacturers, while it is well
known that the manufacturers tend to present the best-case scenario results.
When selecting the components, the parameters then must be taken with some
reserve; thus, it is wise to verify the parameters with in-house testing.

A good guide for the components selection are the provided calculations
from the manufacturers. For example, KDE direct [6] can recommend optimal
selection of ESC and Rotor from given parameters (Flight time requirement,
weight of the platform, etc.)

If the power chain is not optimal, then it is pushed to and behind the limit of
its capabilities. The flight performance of the ARW is compromising over the
time of flight. For example, the ARW can perform as it should in all maneuvers
after take-off, but at some point of the flight, the motors start to saturate. The
saturation means that the motor reached the maximum RMPs for the given volt-
age of the battery. The motor saturation is especially dangerous during the YAW
maneuver. So the user of the ARW must be aware of this limitation and avoid
aggressive maneuvers and plan the flight accordingly.

2.5 Sensor hardware

In this Section, we will introduce sensors for ARW, which incorporate 3D
LiDAR, 2D LiDAR, IMU, UWB node, RGB, RGB-D, LiDAR depth, event,
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thermal, 360 and action cameras [21]. Table 2.2 summarizes specifications of
all sensors, while Fig. 2.19 represents the output from some of these sensors’
recorded at Luleå underground tunnel.

FIGURE 2.19 Sample data output and from the Luleå underground tunnel collected with the Intel
RealSense cameras D455 – first row, L515 – second row, T265, thermal camera Flir Boson 640,
Prophesse event camera, and 3D LiDAR Velodyne Puck Lite – third row.

2.5.1 Vision sensors

In this subsection, we introduce sensors that can be equipped on ARW or ground
robots for autonomous navigation, obstacle avoidance, infrastructure inspection,
3D scanning and mapping, etc.

Typically, ARW obtains information about the surrounding environment
through the perception sensors, either visual or ranging. This information can
be used for state estimation, obstacle avoidance, Simultaneous Localization and
Mapping (SLAM), which can produce a local or a global map that is later used
for path planning and path tracking. Depending on the ARW requirements and
its operating environment, it can be equipped with visual or ranging sensors
for state estimation. For better performance, multiple sensors can be fused to
improve its robustness and accuracy.

For visual navigation, inspection, and surveillance missions, the typical sen-
sors utilized are visual sensors like RGB cameras. Compared to ranging sensors,
they can acquire a lot of environmental information, including color, shape, illu-
mination, etc. Additionally, these sensors are cheaper, lighter, and can be easily
deployed. However, they also could have limitations like reduced performance
under insufficient illumination and noise. Depending on the dimensions of the
indoor environments, RGB cameras with fisheye lenses might be used. These
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cameras have a wider field of view that might be required in narrow areas. Ad-
ditionally for obtaining the depth information of the environment, one RGB
camera is not enough. For that, it should be used a stereo camera, which is noth-
ing more than a pair of RGB cameras. An example of such a camera is Intel
RealSense T265 [7],1 depicted in Fig. 2.20. T265 can be used for collecting
RGB images and evaluating the visual odometry methods. This is a lightweight
camera sensor with low power consumption that includes two fisheye lens sen-
sors with resolution 848 × 800 pixels, an IMU with a sample rate of 0.005 sec
and vision processing unit (VPU). Another option can be to utilize RGB-D cam-
era, which can acquire depth information together with visual data. Example of
such a camera is the Intel RealSense D455 [8]2 depicted in Fig. 2.20. This depth
camera has an IMU with sample rate of 0.005 sec and an RGB camera with
1280 × 800 at 30 fps and depth camera with IR projector to collect the depth
data up to 1280 × 720 pixels. On the other hand, there is also LiDAR camera.
Intel RealSense L515 [8],3 depicted in Fig. 2.20, is a high-resolution LiDAR
depth camera with power consumption of about 3.5 Watt, which provides depth
data with a resolution of 1024 × 768 pixels per depth frame at 30 fps and a
maximum range of 9 m.

FIGURE 2.20 Intel RealSense cameras. Left: T265, middle: D455, and right: L515.

Recently, event cameras [9] gained significant interest in robotic applications
such as collision avoidance, especially due to their low latency and high dy-
namic range. Prophesse EVALUATION KIT – Gen3M VGA-CD 1.1, Fig. 2.21,
is an event trigger camera, which provides up to 55 kHz asynchronous pixel vise
events, high dynamic range, and enables seeing events with low illumination of
0.08 lx and has a resolution of 640 × 480 pixels. The intrinsic camera calibra-
tions were performed with Prophesses calibration tool.4 In Table 2.1, the event
camera biases used is shown.

The ARW vision system can also be composed of a thermal camera [10].
The modality of such a camera allows perceiving the environment in poor illu-
mination conditions and pitch black areas. This capability can be useful for nav-
igation in dark subterranean environments, human search and rescue missions,
infrastructure inspection, etc. The FLIR Boson 640, Fig. 2.21, is a longwave
infrared (LWIR) professional-grade thermographic camera that senses infrared

1 https://www.intelrealsense.com/tracking-camera-t265/.
2 https://www.intelrealsense.com/depth-camera-d455/.
3 https://www.intelrealsense.com/lidar-camera-l515/.
4 https://docs.prophesee.ai/stable/metavision_sdk/.
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TABLE 2.1 Event camera bias
used during data collection.

bias_refr 1800

bias_hpf 2600

bias_diff_off 220

bias_diff_on 460

bias_diff 300

bias_fo 1670

bias_pr 1500

radiation, which makes it suitable for low-light environments. It is equipped
with a 4.9 mm lens and a resolution of 640 × 512 pixels, the frame rate of
60 Hz, and thermal sensitivity < 50 mK.

The 360-degree cameras [11] is a new technology gaining a lot of attention
due to its capability of full coverage of complex environments, like construction
sites. Insta 360 EVO camera, Fig. 2.21, is capable providing omnidirectional
videos with a resolution up to 5760 × 2880 at 30 fps and images with resolution
of 6080 × 3040.

The last class of visual sensors we will mention in this subsection is action
cameras [12], which can also be frequently used in robotic applications and ma-
chine learning. Action camera GoPro Hero7 Black camera is capable providing
videos of 3840 × 2160 pixels with 60 fps.

FIGURE 2.21 Left: Event camera Gen3 VGA, middle: Flir Boson 640, and right: Insta 360 EVO.

2.5.2 Infrared ranging sensors

LiDAR sensors allow for estimating of the distance to the object by measuring
the return time of a reflected signal. Their ability to provide high-definition scans
of the environment made LiDARs a baseline sensor in mapping, reconstruction,
and inspection applications [13]. This subsection introduces 2D LiDAR and 3D
LiDAR state-of-the-art sensors mostly targeting applications in indoor environ-
ments with poor illumination conditions, which application areas are primarily
focused on collision avoidance, SLAM, 3D reconstruction, etc.

Among the 2D omnidirectional rotating LiDARs, one can highlight Slamtec
RpLiDARs that are ROS compatible and gained significant community interest
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for their usage in SLAM [14] and collision avoidance applications [15]. The
major reasons for that are their solid performance, weight comparable with vi-
sion sensors, compact size and low power consumption. The RpLiDAR A2 and
S1 sensors commonly used for autonomous navigation in subterranean environ-
ments are depicted in Fig. 2.22. Both sensors have a data publishing rate of
10 Hz, while A2, providing 8000 samples per second, has a measuring range up
to 16 meters with an angular resolution of 0.9 degrees, and S1, providing 9200
samples per second, has a measuring range of 40 meters with a resolution of 0.4
degrees in average.

FIGURE 2.22 Left: RpLiDAR A2, middle: RpLiDAR S1, right: Velodyne Puck Lite.

The more advanced ranging sensors are the 3D LiDARs, which add vertical
dimension to the scanning area. Among them, one can mention the Velodyne
Puck Lite 3D LiDAR, depicted in Fig. 2.22, which demonstrates solid perfor-
mance for robot autonomy development, mapping, reconstruction and infras-
tructure inspection applications that demand 3D scanning [16]. This LiDAR has
100 meters range with 360 degrees × 30 degrees horizontal and vertical field of
view.

2.5.3 Inertial measurement unit

VectorNav vn-100 IMU is the main core element of the localization system
for robotic applications in variety of applications, from underwater, to ground,
aerial, and space robotics. Commonly it can consist of a 3-axis accelerometer,
gyroscope, and magnetometer. By sampling these data from the IMU, the ori-
entation of a rigid body can be estimated, which is fundamental for most data
fusion methods. In our studies, we commonly utilize VectorNav vn-100, a small
size unit with a weight of 15 g, that provides a 3-axis accelerometer, gyroscope,
and magnetometer. The vn-100 provides sampled data of up to 400 Hz rate
filtered data, and RMS of 0.5° and 2.0° for heading (magnetic) and pitch/role
measurements. For the installation of VectorNav, damping vibration dampers
should be used to reduce the frame vibration effect on IMU measurements.

2.5.4 UWB ranging sensor

UltraWideBand (UWB) is a relatively new technology for indoor short-range
localization, which is capable providing positioning accuracy in the order of
tens of centimeters [17]. In our studies, we utilize Decawave MDEK1001 UWB
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modules, which can provide a ranging accuracy within 10 cm, with a 3-axis ac-
celerometer and size of 19.1 mm × 26.2 mm × 2.6 mm; finally, it uses 6.8 Mbps
data rate IEEE802.15.4-2011 UWB compliant protocol. Localization based on
the UWB ranging technology can be utilized for both single and multi-robot
navigation [17]. In the latter case, it can also enable a relative localization or
utilization for the robots’ coordination and formation control. To improve posi-
tion estimation accuracy, it can also be fused with IMU.

TABLE 2.2 Specification of all the sensors in the data collection platform.

Sensor Field of view [degrees] Dimensions,
W x H x D: [mm]

Weight
[gram]

VectorNav vn-100 – 36 × 33 × 9 15

RpLiDAR A2 360°, horizontal plane 190

RpLiDAR S1 360°, horizontal plane 55.5 × 55.5 × 51 105

Velodyne Puck Lite 360° × 30°,
horizontal x vertical FOV

590

Flir Boson 640 95° (HFOV) 4.9 mm 21 × 21 × 11
(without lens)

140

Intel RealSense
T265

Two Fisheye lenses with
combined 163±5° FOV

108 × 24.5 × 12.5 55

Intel RealSense
D455

Depth Field of View (FOV):
86° × 57° (±3°)

124 × 26 × 29 103

RGB sensor FOV (H × V):
86° × 57° (±3)

Intel RealSense
L515

Depth Field of View (FOV):
70° × 55° (±2°)

D x H: 61 × 26 100

RGB Sensor FOV (H × V):
70°±3 × 43°±2

Prophesse event
trigger camera

Diagonal FOV: 70 60 × 50 × 78 140

Decawave
MDEK1001

– 19.1 × 26.2 × 2.6 41

Insta 360 EVO Spherical 50.3 × 49 × 52.54 113

GoPro Hero 7 Horizontal FOV 94.4,
Vertical FOV 122.6

62 × 28 × 4.5 92.4

2.6 ROS node interfacing sensors and actuators

Robot Operating System (ROS) [18] is a software framework that provides tools
to interface sensors, actuators using nodes and services. Moreover, it has the ca-
pability to store sensor data in a ROS bag format for further analysis. To access
and analyze sensor data in the bag files, ROS has a built-in set of tools called
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rosbag,5 which provides a set of commands for easy data access. Additionally,
for the cases when it is required to have processing time synchronized with sen-
sor data, timestamps, as they were recorded into a clock server topic /clock
should be used. In order to enable time synchronization, it is required to set
parameter /use_sim_time = true and to play a bag file using the --clock op-
tion. The data can be accessed both from individual bag files as rosbag play
sensor_set_id_timestamp.bag and from multiple bag files as rosbag play
sensor_set_id_timestamp*.

ROS can be installed on a variety of board-size computers like Up Board or
Intel NUC. The selection of one or another computer relies on the sensor pay-
load, computational requirements, and ARW size. For example, for autonomous
navigation utilizing 2D LiDAR would be sufficient to use Up Board [19], while
for scenarios where 3D LiDAR is required, NUC can provide the required com-
putational power [20].

2.7 Compact manipulator for ARW

One of the fundamental modules for ARWs is a compact aerial manipulator,
further referred to as CARMA [22] depicted in Fig. 2.23. The manipulator is de-
signed to provide for a multi-rotor ARW capabilities to physically interact with
the environment, more specifically for pick-and-place operations, load trans-
portation, contact inspections, or repairs using dedicated tools.

FIGURE 2.23 Visual representation of CARMA manipulator.

Manipulator’s conceptual design is depicted in Fig. 2.23. In it, mechanical
power from the motors that are located in the base is transmitted to the joints
via bevel gears, in series with a timing belt and pulleys mechanism. These belts
were deliberately not enclosed in order to allow the airflow generated by the
propellers to circulate through the frame, thus minimizing the disturbances due
to the resulting drag.

5 http://wiki.ros.org/rosbag.
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The presented design has the following features:

• Low mass (350 g) and low inertia with respect to the ARW’s center of gravity
(CoG), thus minimizing the impact on the UAV dynamics.

• Wide workspace, overstepping the propeller blades perimeter while remain-
ing compact in the retracted state as depicted in Fig. 2.23a, and thus allowing
not to interfere during take-off and landing phases by fitting a 200 mm ×
130 mm × 130 mm envelope.

• Low manufacturing complexity, assuming carbon fiber plate milling and PLA
(Polylactic Acid) 3D printing to be available.

• The number of links was set to four in order to achieve long extensions while
keeping a compact retracted state as depicted in Fig. 2.23b. Lengths of the
links are 173 mm, 122 mm, 71 mm, and 20 mm, respectively.

The designed prototype of the manipulator is presented in Fig. 2.24. In it,
the links consist of superimposed carbon fiber plates, 6 mm width MXL rubber
timing belts that are tensioned using spiral springs tensioners, Bourns PTA4543-
2015DPA103 linear slide potentiometers, injection molded acetal co-polymer
bevel gears, and Pololu 298:1 Micro Metal Gearmotor HP. The micro-controller
board is an Arduino Mega 2560 endowed with an Adafruit Motor Shield V2.3
as a motor control board.

FIGURE 2.24 CARMA prototype.
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Chapter 3

Modeling for ARWs
Akash Patel, Andreas Papadimitriou, and Avijit Banerjee
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

3.1 Notation

The axes follow the ENU coordinate system. The local body frame is called
{B} with x-forward, y-left, and z-up. The global frame is denoted by {G} with
X-east Y -north Z-up.

Furthermore, p = [px,py,pz] is the position of the aerial platform; v =
[vx, vy, vz] is the linear velocity of the aerial platform; η = [φ, θ,ψ] is the roll,
pitch, and yaw rotation angles of the aerial platform, while the angular velocities
are defined as ω = [ωx,ωy,ωz]. Rotation is defined in quaternion as well with
q = [qx, qy, qz, qw], and the rotor speeds are denoted as �.

The time is denoted by t , while sample-steps are denoted by k. The sam-
pling time is dt , and the frequency fs = 1/dt . Mass of a body is m, and the
gravitational acceleration is g.

In general, scalars are defined as non-bold characters, lower-case or upper-
case px , T . Vectors are defined as bold lower-case p. Matrices are bold capital
upper-case letters like A. The R denotes the set of all real numbers, while Z

represent integers. A set accompanied by the superscripts R
+,− defines non-

zero positive or negative values and, if there is a numerical superscript, like
Z

3×1, represents the dimensions of a vector or matrix.

3.2 Introduction

The mathematical modeling of complicated systems, like the ARWs, is essential
to maximize the chances of a successful mission while minimizing the risks of
collision and collateral damages. ARW models are mathematical descriptions
of the dynamics, kinematics, and physical properties that govern an ARW [1].
There are numerous reasons behind the necessity of such mathematical descrip-
tions. These models can describe complex physic phenomena with mathematical
equations that can be used to simulate and analyze the system’s capabilities. The
mathematical description of an ARW can be used to visualize the states of the
system, analyze the behavior of an ARW, estimate unknown variables of the

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00009-3
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vehicle or the environment, and predict the future state evolution. Furthermore,
Modeling is the essential base for developing various control algorithms used
for the navigation of the ARWs, while models can also be utilized in tuning the
design parameters of prototypes through iterative simulations, without develop-
ing multiple physical prototypes and potentially resulting in lower expenditures.
The actual phenomena that govern an ARW system are highly complicated, and
it is challenging to model them precisely [2]. Luckily, not all components and
coefficients of a model have the same influence on the dynamics of an ARW.
Thus, we can use simplifications and assumptions, resulting in more straightfor-
ward yet effective models. A less complex model results in a lower computation
burden, and it can be used by an onboard computation unit, which has de-
creased power requirements, for example, to facilitate software responsible for
the control and state estimation of the ARW. Finally, the mathematical models
of ARWs can be used to access the performance of the platform and the results
of a mission through simulation. The mathematical description of ARWs can be
implemented in simulation environments (e.g., Gazebo, MATLAB® simulink),
which can be used to simulate different scenarios. In this approach, the devel-
opment of novel control algorithms, navigation techniques, obstacle avoidance
frameworks, etc. can be put to the test. Suppose a simulation fails and the ARW
collides with an obstacle. In that case, we could easily update the algorithm and
execute the next simulation, while in reality, we would have to replace it with a
new platform.

To define the equations of motion of an ARW quadrotor, it is important to
define the frame of reference first. For a quadrotor, two frames of reference
are considered. The first global frame of reference G that is always stationary,
and the second coordinate frame that is the quadrotor’s body frame of refer-
ence B. The structure and motion of the vehicle are described in the body frame
of reference, where the position commands are provided in the world frame of
reference.

As denoted in Section 3.1, the global and body frame directions are pre-
sented in Fig. 3.1. The control of the quadrotor is achieved by adjusting the
motor speeds. Due to the difference in motor speeds, torques are generated
because of the coupled forces from opposite motors. There are two standard
configurations with respect to which a quadrotor motion is defined. These are
the × and + configurations. In this Chapter, for the modeling and control of a
quadrotor, a + configuration is considered. As shown in Fig. 3.1, the opposite
rotors spin in the same direction, and the adjacent rotors spin in the opposite di-
rection. The six degrees of freedom motion of the quadrotor is defined in terms
of forward and backward directions, lateral motion, vertical movement, roll,
pitch, and yaw movements. These motions can be narrowed down to thrust and
torques around x, y, and z directions to achieve the control of a quadrotor as
will be presented in the following chapter.

When the four speeds of the rotor are the same, the reactive torque is bal-
anced from all the four motors and the quadrotor stays in place. When the four
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FIGURE 3.1 Global and Body frame of reference for a quadrotor.

input speeds are not exactly the same, the reactive torque from motors is differ-
ent and depends upon the difference in the speeds, the quadrotor rolls, pitches,
or yaws. When the speeds of all four rotors increase or decrease together by
the same amount, the quadrotor will either go up or down. Essentially, there are
four control inputs (thrust, roll, pitch, and yaw torques), and there are twelve
states, as it is a 6 DOF system. Thus the quadrotor is considered an underactu-
ated system [3]. To formulate the mathematical model of the quadrotor, some
assumptions are made:

1. The quadrotor is a rigid body
2. The quadrotor structure is symmetric
3. The ground effect is ignored

The quadrotor mathematical model is provided by 12 output states that are the
px , py , and pz positions; vx , vy , and vz are the translational velocities, φ, θ , and
ψ are the roll, pitch, and yaw angles; ωx , ωy , and ωz are the angular velocities
for roll, pitch, and yaw moments.

3.3 Modeling of ARWs

This section deals with the modeling of an ARW, while presenting the mathe-
matical models that describe the translational and rotational dynamics. Initially,
the attitude mathematical representation will be shown, followed by the full
nonlinear model of ARW. A simplified position model will be presented, and
finishing with the modeling of a reconfigurable ARW.
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3.3.1 Attitude modeling

This section will describe the mathematical representation of rigid body orien-
tation called attitude representation. The mathematical description of attitude
is a set of parameters and matrices that describe the orientation of a reference
frame with respect to another frame. The three commonly used ways to express
and store an attitude representation [4] are a) Euler Angles, b) Direct Cosine
Matrix (DCM), and c) Quaternion. Fundamentally, the attitude of a rigid body
describes the orientation of its body axis with respect to a fixed/ground frame
of reference. In the context of the quadrotor, let us consider that a body-fixed
frame {B} is attached with it, indicated by three orthogonal unit vectors as XB,
YB, ZB. The orientation of the quadrotor is to be represented with respect to
a three-dimensional ground frame of reference {G}, with its axis, denoted as
unit vector XG, YG, ZG. At this point, we will assume that the origin of both
the ground frame and the body frame coincides. The mathematical description
of attitude representations is characterized by a set of parameters. A minimum
number of three parameters are required to uniquely define the attitude. How-
ever, there a various approaches to attitude representation. Standard practices
typically include the Euler angle, Direction cosine matrix, and quaternion. Note
that the attitude representations in these forms are interchangeable, and one rep-
resentation form can be converted to any other.

3.3.1.1 Euler angles

Leonhard Euler introduced Euler angles that are used to define the orientation of
a rigid body. According to the Euler definition, any orientation can be achieved
by a maximum set of three successive rotations. The Euler angles are also used
to describe the orientation of the reference frame relative to another reference
frame, and they are also implemented in transforming the coordinates of a point
from one frame of reference to another. The elemental rotation is defined as the
rotation about the axis of the reference frame. The definition of the Euler angle
represents three elemental rotations. The combination of rotation metricize, used
to define Euler angles, is shown in Eqs. (3.1), (3.2), and (3.3).

Rx(φ) =
⎡
⎢⎣

1 0 0
0 cos(φ) − sin(φ)

0 sin(φ) cos(φ)

⎤
⎥⎦ (3.1)

Ry(θ) =
⎡
⎢⎣

cos(θ) 0 sin(θ)

0 1 0

− sin(θ) 0 cos(θ)

⎤
⎥⎦ (3.2)
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Rz(ψ) =
⎡
⎢⎣

cos(ψ) − sin(ψ) 0

sin(ψ) cos(ψ) 0

0 0 1

⎤
⎥⎦ (3.3)

In this Chapter, the set of Euler angles used is the ZYX Euler angles. The
world frame coordinates and the body frame are correlated by the rotation
Rzyx(φ, θ,ψ).

Rzyx(φ, θ,ψ) = Rz(ψ) · Ry(θ) · Rx(φ)

3.3.1.2 Directional cosine matrix
Directional Cosine Matrix (DCM) is the fundamental and perhaps the simplest
way of attitude representation of a rigid body in three-dimensional space. As
shown in Fig. 3.2, it is intuitively obvious that any arbitrary vector V in {G}
frame makes three angles with each coordinate axis of it. Direction cosines are
cosines of angles between a vector and a base coordinate frame. In other words,
it is the projection of a unit vector along the reference frame axis. With a similar
approach, now, let us consider the body-fixed frame {B}, attached with an ar-
bitrary oriented rigid body quadrotor, the orientation of which is intended to be
represented with respect to the {G} frame. Hence, each of the body i.e. XB, YB,
ZB potentially makes three angles with the axis of the ground frame {G}. For
example, the components of the unit vector XB in the base frame are represented
as

[< XG · XB >,< YG · XB >,< ZG · XB >]T

The other components of the body axis YB and ZB can also be expressed sim-
ilarly. The cosine of these angles is collectively represented as the direction
cosine matrix, which represents the orientation of the quadrotor with respect to
the G frame. To obtain the orientation of the rigid body with respect to the base
frame of reference, it is required to express the direction cosine of each body
frame axis. As mentioned above, combining these together, essentially, DCM
is formed as a 3 × 3 rotation matrix T that can transform the body coordinate
system into a base reference system.

T =
⎡
⎢⎣ cos(XG,XB) cos(YG,XB) cos(ZG,XB)

cos(XG,YB) cos(YG,YB) cos(ZG,YB)
cos(XG,ZB), cos(YG,ZB) cos(ZG,ZB)

⎤
⎥⎦ (3.4)

It is apparent from the above discussion that the DCM representation uniquely
determines the attitude and essentially requires a total of nine parameters. The
DCM matrix (also referred to as the rotation matrix) is an important concept in
orientation kinematics. If we know the coordinates of an arbitrary vector in the
body frame, we can use it to obtain its global coordinates and vice versa.
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FIGURE 3.2 Schematic representation of vector orientation with respect to DCM angles.

3.3.1.3 Quaternion
A quaternion is an extension of the complex numbers of rank four and belongs
to the hyper-complex numbers. Quaternions can be used to represent rotations to
avoid the inherent geometrical singularity when representing rigid body dynam-
ics with Euler angles or the complexity of having coupled differential equations
with the DCM [5]. There are more than one conventions to represent a quater-
nion. The two most commonly used are the Hamilton and JPL, where the first
one is used in robotics and the latter in the aerospace domain. For the ARW,
the Hamilton convention is often used as many libraries, functions, and simu-
lation environments use the same system. A quaternion consists of two parts,
the vector or imaginary part qx to qz, and the scalar or real part qw, which are
represented by a vector q [6].

q = [qw qx qy qz]� (3.5)

As it will be required for the definition of the quaternion attitude modeling,
initially, some quaternion properties and notations will be presented. For two
quaternions q and p, while the summation of the two quaternions is commuta-
tive, i.e., q +p = p +q, the quaternion product, defined as a Kronecker product
and denoted with the symbol ⊗ is presented in Eq. (3.6), in not commutative
q ⊗ p �= p ⊗ q. However, both the summation and the product are associa-
tive, i.e., considering the third quaternion (p + q) + r = p + (q + r) and r ,
(p ⊗ q) ⊗ r = p ⊗ (q ⊗ r).

p ⊗ q =

⎡
⎢⎢⎣

p0qw − p1qx − p2qy − p3qz

p0qx + p1qw + p2qz − p3qy

p0qy − p1qz + p2qw + p3qx

p0qz + p1qy − p2qx + p3qw

⎤
⎥⎥⎦ (3.6)
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Regarding additional quaternion algebra related properties, the norm and con-
jugate of a quaternion are similar to other complex numbers. More specifically,
the conjugate of a quaternion is defined by Eq. (3.7):

q∗ = [
qw −qx −qy −qz

]T
(3.7)

while the norm of a quaternion utilizing the quaternion product and conjugate
properties is defined as shown in Eq. (3.8):

‖q‖ �
√

q ⊗ q∗ =√
q∗ ⊗ q =

√
q2
w + q2

x + q2
y + q2

z ∈ R. (3.8)

The quaternions used in robotics and, more specifically, in the presented ap-
proach have their norm equal to 1 and thus are called unit quaternions. As a
result, the inverse of a quaternion normally is represented by Eq. (3.9):

q−1 = q∗

‖q‖ , (3.9)

for unit quaternions q−1 = q∗, which is a degenerate form of the inverse quater-
nion when then quaternion has length one.

To model the attitude dynamics of the ARW, we follow the same notation as
in Fig. 3.1. The ARW is considered a symmetrical rigid body. Thus its cen-
ter of mass coincides with the body frame. In this case, we will utilize the
Euler-Newton equations for translational and rotational dynamics defined by
Eq. (3.10), where ω is the angular rate ω = [ωx ωy ωz]�. This approach leaves
open the connection between the control signal and the corresponding torques,
which can be described by the dynamics of the ARW’s rigid body rotations [7].

[
F

τ

]
=
[

m 0
0 I cm

][
acm

ω̇

]
+
[

0
ω × (Icm · ω)

]
(3.10)

The time derivative of the unit quaternion q is the vector of quaternion rates q̇

that is related to the angular velocity with their relation mapped by [4]:

q̇ω(q,ω) = 1

2
q ⊗

[
0
ω

]
(3.11)

q̇ω′
(
q,ω′)= 1

2

[
0

ω′

]
⊗ q (3.12)

Considering that the angular rates ω are in the body frame of reference and
combining (3.10) and (3.11), the rotation dynamics of the ARW utilizing the
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quaternion can be described by Eq. (3.13):⎧⎪⎨
⎪⎩

q̇ = − 1
2

[
0
ω

]
⊗ q

ω̇ = I−1
cm · τ − I−1

cm [ω × (I cm · ω)]

(3.13)

Lastly, it remains the actual mapping of the control signal to the body frame
torques, which can be tackled in various ways. One way would be to take into
account the physics that govern the motor-rotor-propeller combination, while a
simpler approach, but yet effective, would be to consider a linear relation be-
tween torques and angular velocity of the motors, like in (3.24) with the use of
a control allocation A.

3.3.2 Complete nonlinear model of a quadrotor ARW

To describe the three-dimensional motion of the quadrotor, a mathematical
model of a quadrotor is formulated using the Newton and Euler equations [8,9].
The aim of formulating a mathematical model is to provide a reliable dynamic
model for simulating and controlling the quadrotor behavior for 6 DOF motion.
The linear and angular position vector is given as [px py pz φ θ ψ]T , and this
position vector is with respect to the global frame. The linear and angular veloc-
ity vector is given as [vx vy vz ωx ωy ωz]T and the velocity vector is with respect
to the body frame of reference. For control purposes, the following transforma-
tion is considered to transform the velocities from the body frame to the inertial
frame of reference. VB is the velocity vector in the body frame and VG is the
velocity vector in the global frame of reference. Therefore,

VG = Rzyx · VB (3.14)

VB = [vx vy vz]T is transformed into the velocity in the global frame and
is given by VG = [ẋ ẏ ż]T . In the same way, the angular velocities can be
transformed from the body frame to the global frame of reference or:

ω = T · ωB (3.15)

where ω = [φ̇ θ̇ ψ̇]T is the vector of the angular velocity in the inertial frame
of reference. The Transformation vector T is defined as in Eq. (3.16) [10]:

T =

⎡
⎢⎢⎣

1 s(φ)t (θ) c(φ)t (θ)

0 c(φ) −s(φ)

0 s(φ)
c(θ)

c(φ)
c(θ)

⎤
⎥⎥⎦ (3.16)

From Newton’s second law of motion, the total force acting on the quadro-
tor’s body is represented as:

FB = m(ωB × VB + V̇B)
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where FB = [Fx Fy Fz]T is the force vector. The total torque applied to the
quadrotor body is also given as,

τB = I · ω̇B + ωB × (I · ωB)

where τB = [τx τy τz]T is the torque vector. I is represented as the moment of
inertia matrix as:

I =
⎡
⎢⎣

Ixx 0 0
0 Iyy 0

0 0 Izz

⎤
⎥⎦ (3.17)

Ti = KT �2
i , i = 1,2, ..7,8

where g = 9.81 m/s2 is the gravitational acceleration on the Earth, B is the
aerodynamic friction coefficient, and T = ∑

Ti is the total thrust in the body
frame. Considering the Newton’s second law of motion in the global coordinate
frame, we get:

mV̇ =
⎛
⎝ 0

0
mg

⎞
⎠− R

⎛
⎜⎝0

0
T

⎞
⎟⎠− BV (3.18)

Furthermore, the distance from the rotor hub to the center of gravity of the ve-
hicle is d , and therefore the roll moment of the vehicle about the X axis is given
as:

τx = dKT (�2
4 − �2

2) (3.19)

The pitch moment of the vehicle about Y axis is given as:

τy = dKT (�2
3 − �2

1) (3.20)

If the coefficient of drag is KD , then the yaw moment of the vehicle about Z

axis is given as:

τz = KD(�2
2 + �2

4 − �2
1 − �2

3) (3.21)

The total thrust T is represented as throttle control. The overall rotor speed at
any time instance is represented as:

�r = �2 + �4 − �1 − �3 (3.22)

The total rotational acceleration of the vehicle is described as:

Iω̇ = −ω × Iω + τ (3.23)
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Here, ω is the angular velocity vector in the inertial frame of reference. If only
the thrust force is considered, in the inertial frame of reference, then the total
forces and torque matrix are given as:

⎛
⎜⎜⎝

T

τx

τy

τz

⎞
⎟⎟⎠=

⎛
⎜⎜⎜⎝

−KT −KT −KT −KT

0 −dKT 0 dKT

−dKT 0 dKT 0
−KD KD −KD KD

⎞
⎟⎟⎟⎠

⎛
⎜⎜⎜⎜⎝

�2
1

�2
2

�2
3

�2
4

⎞
⎟⎟⎟⎟⎠= A

⎛
⎜⎜⎜⎜⎝

�2
1

�2
2

�2
3

�2
4

⎞
⎟⎟⎟⎟⎠

It is assumed that the Thrust coefficient, KT , the Drag coefficient, KD , and
the distance from the center of gravity, d , are constants and positive values. The
rotor speeds for the input can be computed from the thrust and the torque re-
quired values. Therefore, the rotor speeds are formulated as shown in Eq. (3.24):

⎛
⎜⎜⎜⎜⎝

�2
1

�2
2

�2
3

�2
4

⎞
⎟⎟⎟⎟⎠= A−1

⎛
⎜⎜⎝

T

τx

τy

τz

⎞
⎟⎟⎠ (3.24)

where A is the allocation matrix for the low-level motor mixer. If we want to do
the same formulations for a coaxial quadrotor, which has eight rotors mounted
as pair of two rotors on each end, then the allocation matrix can be defined in
the following manner:

τx = dKT (�2
7 + �2

8 − �2
3 − �2

4) (3.25)

τy = dKT (�2
5 + �2

6 − �2
1 − �2

2) (3.26)

τz = KD(�2
2 + �2

4 + �2
6 + �2

8 − �2
1 − �2

3 − �2
5 − �2

7) (3.27)

�r = −�1 + �2 − �3 + �4 − �5 + �6 − �7 + �8 (3.28)

⎛
⎜⎜⎝

T

τx

τy

τz

⎞
⎟⎟⎠=

⎛
⎜⎜⎜⎝

−KT −KT −KT −KT −KT −KT −KT −KT

0 0 −dKT −dKT 0 0 dKT dKT

−dKT −dKT 0 0 dKT dKT 0 0
−KD KD −KD KD −KD KD −KD KD

⎞
⎟⎟⎟⎠
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×

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

�2
1

�2
2

�2
3

�2
4

�2
5

�2
6

�2
7

�2
8

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

= A
(
�2

1 �2
2 �2

3 �2
4 �2

5 �2
6 �2

7 �2
8

)′

(
�2

1 �2
2 �2

3 �2
4 �2

5 �2
6 �2

7 �2
8

)′ = A−1 (
T τx τy τz

)′
(3.29)

Considering the assumptions made for the quadrotor, in this case, the equa-
tions of motion can also be formulated using the Newton-Euler concept, where
we assume that the origin of the body frame of reference coincides with the
center of gravity of the vehicle. The linear acceleration in the X direction is
provided as:

v̇x = [sinψ sinφ + cosψ sin θ cosφ]T
m

(3.30)

The linear acceleration in Y direction is given as:

v̇y = [− cosψ sinφ + sinψ sin θ cosφ]T
m

(3.31)

and the linear acceleration in Z direction is given as:

v̇y = [sin θ cosφ]T
m

− g (3.32)

Similarly, the rotational dynamics can be described by the angular acceler-
ation in the roll, pitch, and yaw directions, while the angular accelerations are
given as:

ω̇x = [ωyωz(Iyy − Izz) − Jrωy�r + τx] 1

Ixx

(3.33)

ω̇y = [ωxωz(Izz − Ixx) − Jrωx�r + τy] 1

Iyy

(3.34)

ω̇z = [ωxωy(Ixx − Iyy) + τz] 1

Izz

(3.35)
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In Eqs. (3.33) and (3.34), Jr is the total rotational inertia of the vehicle.

3.3.3 Simplified position modeling

A common practice in ARWs is to utilize one mathematic model to describe
the attitude of the rigid body, i.e., roll, pitch, and yaw rotations with respect
to the inertia frame, and another to describe its position modeling. While this
method is a significant simplification yet results in a pretty accurate model. For
the simplified position modeling, the first assumption comes from considering
the response of the roll and pitch angles of the ARW that follow the response
of first-order systems with a time constant τ and a gain K [11]. The next sim-
plification comes from considering the yaw rotation independent of the system
states, which has zero effect on the position and velocity states of the ARW.
Under the above assumptions, the states of the nonlinear system of the ARW,
considering the body and inertia frames in Fig. 3.1 and for the state vector
x = [px,py,pz, vx, vy, vz,φ, θ ]�, are modeled by (3.36) as:

ṗ(t) = v(t) (3.36a)

v̇(t) = Rx,y(θ,φ)

⎡
⎢⎣ 0

0
Td

⎤
⎥⎦+

⎡
⎣ 0

0
−g

⎤
⎦−

⎡
⎢⎣Ax 0 0

0 Ay 0
0 0 Az

⎤
⎥⎦v(t), (3.36b)

φ̇(t) = 1/τφ(Kφφd(t) − φ(t)), (3.36c)

θ̇ (t) = 1/τθ (Kθθd(t) − θ(t)), (3.36d)

where p = [px,py,pz]� ∈ R
3 is the position vector, and v = [vx, vy, vz]� ∈ R

3

is the vector of the linear velocities, φ, θ ∈ R ∩ [−π,π] are the roll and pitch
angles, respectively, Rx,y is the rotation matrix about the x and y axes, Td ∈
[0,1] ∩R is the mass-normalized thrust, g is the gravitational acceleration, Ax ,
Ay , and Az ∈ R are the normalized mass drag coefficients. The low-level control
system is approximated by the first-order dynamics driven by the reference pitch
and roll angles φd and θd with gains of Kφ,Kθ ∈ R

+ and time constants of
τφ ∈R

+ and τθ ∈ R
+. To retrieve the discrete-time equivalent dynamical system

xk+1 = f (xk,uk) the forward Euler discretization method for a sampling time
dt can be followed.

The system inputs are the thrust Td , the roll φd , and pitch θd angles. The
actual mapping of the inputs can be described by a second mathematical model,
which expresses the attitude of the ARW while the mapping of the inputs to spe-
cific motor commands that can drive the robot will be undertaken by a secondary
low-level controller. The simplified position modeling of the ARW is ideal for
nonlinear model-based control schemes and linear ones after the linearization of
the state equations around the hovering equilibrium. Examples of such control
schemes will be presented in the next Chapter.
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3.3.4 ARW foldable quadrotor modeling

Until now, we have presented modeling of the more traditional ARW designs.
It is important to note that less traditional and novel ARWs designs can be
utilized for accomplishing tasks that would not be possible by the traditional
ARWs [12,13]. This section focuses on modeling an ARW designed as a mor-
phing quadrotor [14]. It has to be noted that different morphing aerial platforms
require slightly different handling for the modeling based on the structural re-
formations they follow. Fig. 3.3 presents a conceptual design of such morphing
ARW depicted in an isometric view for different formations. The quadrotor’s
arms are connected to the structural frame of the ARW via 2DoF joints con-
trolled by servo motors. The servo motors are installed so that the arms rotate
around the body z-axis. It is essential to highlight that the formation changes
of the quadrotor (Fig. 3.4) come directly from the arms rotation around the z-
axis of the ARW. Thus, the geometry varies only for the x, y axes resulting in a
planar-varying geometry depicted in Fig. 3.5.

FIGURE 3.3 Isometric view of the morphing ARW design in X and H morphology and a side
view displaying the various components.

FIGURE 3.4 A reconfigurable ARW, depicted for different configurations, which utilizes four
servo motors to fold each arm individually around its main structural frame.
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Actuation of the servo motors angle results in the arms updated position with
respect to the body frame. This position change affects mainly the Center of
Gravity (CoG) and the Moments of Inertia (MoI) of the rigid body. Let the CoG
of the rigid body locate at rCoG ∈R

3 distance from the Geometric Center (GC).
The offset vector rCoG is calculated by taking into account every component
of the quadrotor CoG position vector r(.) ∈ R

3. To simplify the calculations
and develop a slightly more generic model, we consider the following dominant
components that characterize the geometry of the ARW. These are the main
body of the quadrotor with mass mb and dimensions (2l×2w×2h) denoting the
length, width, and height, respectively. The arms located at the four corners of
the ARW with mass ma,i and offset ra,i , where i ∈ Z[1,4] is the identification
number of the individual components. Finally, the combination of the motor,
rotor, and propeller is considered one component with mass mc and offset rc,i

from the GC and its own CoG.

FIGURE 3.5 2D representation of the foldable quadrotor with highlighted the main geometrical
properties.

In Fig. 3.5, θs,i ∈ S
1 denote the angles of the servo motors used to actuate

the ARW’s arms, while the offset rCoG between the GC of the vehicle is defined
by (3.37):

rCoG = mbrb +∑4
i=1(mara,i + mcrc,i )

mb +∑4
i=1(ma + mc)

(3.37)
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The total mass of the ARW remains independent of the arms rotation, and it is
defined only by the considered dominant components in (3.38):

m = mb +
4∑

i=1

(ma + mc), (3.38)

since the distance of the components’ CoG is a function of the servo angles
θs,i , (3.37) can be written as:

rCoG = 1

m

(
mbrb +

4∑
i=1

(mara,i(θs,i ) + mc,ir(θs,i ))

)
. (3.39)

The distance from the GC to the servo is constant and equal to the dimensions of
the body [w, l]�. The offset vectors r(.) can be calculated by the angle θs,i . The
offset on the z-axis of every component to the GC is constant since it does not
change when they rotate around z-axis. However, the offsets r .,x and r .,y need
to be re-calculated. The angle θs of the servo is assumed to be known (Fig. 3.5).
The position (.)min in Fig. 3.5 denotes the minimum angle that the arm can ro-
tate 0°, while the (.)max denotes the maximum angle 90°. The minimum and
maximum rotation angles are defined only due to the physical limitations con-
sidering the specific conceptual design of morphing ARW; thus, in a different
design we could have different limit angles.

Assuming that the CoG of the motor, rotor, and propeller combination is
located in their center, the Euclidean distance of the CoG from the servo is
α. Based on the geometrical properties, the new position, where the thrust is
generated for every arm, can be calculated by:

rc,1 =
[

−w − α cos θs,1 − rCoG,y , l + α sin θs,1 − rCoG,x , z

]�
(3.40a)

rc,2 =
[

−w − α cos θs,2 − rCoG,y , −l − α sin θs,2 − rCoG,x , z

]�
(3.40b)

rc,3 =
[

w + α cos θs,3 − rCoG,y , −l − α sin θs,3 − rCoG,x , z

]�
(3.40c)

rc,4 =
[

w + α cos θs,4 − rCoG,y , l + α sin θs,4 − rCoG,x , z

]�
(3.40d)

The varying positions of the arms result in a varying control allocation since it
affects the position of the motors and directly the torques around the x, y-axis.

⎡
⎢⎢⎣

T

τx

τy

τz

⎤
⎥⎥⎦=

⎡
⎢⎢⎣

KT KT KT KT

rc,1x rc,2x rc,3x rc,4x

rc,1y rc,2y rc,3y rc,4y

−KD KD −KD KD

⎤
⎥⎥⎦
⎡
⎢⎢⎢⎣

f1

f2

f3

f4

⎤
⎥⎥⎥⎦ (3.41)

where rc,ix and rc,iy denote the first and second element of the rc,i , respectively.
Finally, KT and KD are coefficients related to the thrust and torque, respectively.
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In addition, the MoI of the platform varies as the arms change their position.
Each component is characterized by its own MoI matrix. The total MoI of the
platform can be calculated from the individual MoI with the use of the parallel
axis theorem at the body frame B.

(IARW)B = (I b)B +
∑

(I ai
)B +

∑
(Imc)B (3.42)

At this point, we again need to decide on the derivation of the MoI numerical
values. One approach would be to consider generalized shapes, like a cylinder,
cube, rectangular prism, etc., dominant components, which then could be inte-
grated in (3.42). On the other hand, if the developed design comes out, CAD
software would be to utilize the values computed through the detailed design of
the ARW.

The attitude model of the morphing quadrotor can be defined by the Newton-
Euler law using the angular acceleration, rate, and torques in (3.43).

ω̇ = I−1(−ω × Iω + τ ), (3.43)

where we consider the inertia matrix with zero off-diagonal elements in (3.44)
and updated on the basis of the arms position and as defined by Eq. (3.42).

(IARW)B = I = [
Ixx Iyy Izz

]
I 3 (3.44)

For the torque dynamics, we can consider a linear approximation and assume
that they follow the same dynamics as the first-order system.

τ̇ = 1

τα

(τd − τ) (3.45)

where τα is the time constant, and τd is the desired torque. Thus, the system
of equations in (3.46) describes the attitude model of the morphing ARW with
variable inertia matrix and varying control allocation matrix.{

ω̇ = I−1 · τ − I−1 [ω × (I · ω)]

τ̇ = 1
τα

(τd − τ)
(3.46)

This model is related only to the attitude of the ARW. Thus there is a need to
use an additional model in conjunction with this one which would describe the
position of the drone. Such a model can be the one presented in Section 3.3.3.

3.4 Conclusions

This Chapter presented the necessary elements for constructing various mathe-
matical models of ARWs to describe their dynamical motion in the perspective
of combined translational and rotational maneuvers. Different approaches to at-
titude representations have been presented, including the Euler angle, DCM, and
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quaternion. Firstly, a general nonlinear model of ARW was presented describing
the rigid body dynamics with its variable components, followed by a simplified
ARW modeling. The various simplifications and approximations, used in these
modeling derivations, were discussed from the accuracy and convenience point
of view. Finally, modeling of a special class of ARW, i.e., morphing quadrotors,
has also been presented.
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Chapter 4

Control of ARWs
Akash Patel, Avijit Banerjee, Andreas Papadimitriou, and
Björn Lindqvist
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

4.1 Introduction

The control of an Aerial Robotic Worker ARW refers to the set of tools required
to track the desired states, defined as a reference trajectory or individual way-
points. As defined in the modeling Chapter 3, the states can be the position,
velocity, and attitude of the platform. In general, there is a possibility of us-
ing different types of controllers, but also the control strategies can vary from
ARW to ARW or for different application scenarios. For example, as depicted in
Fig. 4.1, one case would be to use a single controller with the reference state x�

ref
set by a path planner or an operator, and the controller would provide the nec-
essary commands for the motors n� to drive the aerial platform to the desired
states. Another method would be to split the controllers as depicted in Fig. 4.2.
In that case, there are two separate control loops. The position controller, which
provides the control input u that is responsible for achieving a specific position
or velocity. At the same time, the attitude controller objective is to follow the
desired angles and thrust provided by the position controller and give the motor
commands n�.

FIGURE 4.1 ARW platform control block diagram with a single controller.

FIGURE 4.2 ARW platform control block with a position and attitude controller.

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00010-X
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4.2 PID control

Proportional integral derivative (PID) is the most common and simplified con-
troller due to its general applicability for a wide range of applications. In prac-
tice, the PID control design does not explicitly require a mathematical system
model. Therefore, PID control design proved to be most useful; even for a few
critical systems, analytical control design methods are challenging due to a com-
plicated or inaccurate mathematical model (obtaining a precise mathematical
model is difficult). The PID controller essentially constructed based on the func-
tion of the error feedback which is mathematically expressed as:

u(t) = Kpe(t) + Ki

∫
e(t)dt + Kd

de

dt
(4.1)

The PID controller uses the error value between the desired state and the mea-
sured state and applies a correction based on the three terms. In (4.1) Kp, Kd ,
and Ki are the proportional, integral, and derivative gains, which are typically
design tuning parameters for the control design.

Assuming the model defined in the previous chapter in modeling for ARWs
to control the position of the platform, there are going to be two control loops.
The outer loop will be the position controller while the inner loop will be attitude
controller. The control law of the outer loop minimizes the error between the
current and the desired position of the platform. Starting from the inner loop,
the goal is to regulate the roll/pitch/yaw angles and the altitude of the platform.
It is important to highlight that the aerial platform attitude controller is often
driven by an IMU sensor. The IMU due to various reasons introduces drifts to
the measurements thus to prevent instability issues, the integral component of
the PID is not used, and, instead, only a PD controller is used in practice. As
shown in the modeling section, the rotational speeds of the motors are related
with the thrust and torques through a static map. Due to that, the control output
of the PID controller are the three torques τx, τy, τz and the thrust T .

Starting with the altitude, the error and the error rate are defined as:

pze = pzd − pz

ṗze = ˙pzd − ṗz
(4.2)

Similarly for the outer loop XY position controller, the error rate can be
defined as:

pxe = pxd − px

˙pxe = ˙pxd − ṗx

pye = pyd − py

˙pye = ˙pyd − ṗy

(4.3)
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And, therefore, a simple XY position PID controller can be formulated as:

px = Kp,xpxe + Kd,x ˙pxe

py = Kp,ypye + Kd,y ˙pye

(4.4)

Thus, the Thrust,

T = Kp,zpze + Kd,zṗze + T0 (4.5)

where T0 is a feed-forward term depending on the mass m of the platform and
the gravitational coefficient g where T0 = mg. Similarly, the errors of the angles
φe, θe, and ψe are calculated.

τx = Kp,τx φe + Kd,τx φ̇e

τy = Kp,τy θe + Kd,τy θ̇e

τz = Kp,τx ψe + Kd,τz ψ̇e

(4.6)

FIGURE 4.3 PID response on following a spiral trajectory.

FIGURE 4.4 PID response on following a square trajectory.

In Fig. 4.3 and Fig. 4.4, two trajectory following responses are presented
using a PID controller as formulated above. As from the definition of using a
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PD controller, it is evident that on corners while following square trajectory, the
quadrotor overshoots from the reference trajectory and slowly starts following
the trajectory again as the error in position becomes smaller. Such behavior will
be different in a Model Predictive Controller based control scheme, as it will be
presented in the next section.

4.3 Linearized quadrotor model

The quadrotor dynamic model discussed in previous chapter is highly nonlinear.
In order to design a linear Model Predictive Controller for the system, the model
needs to be linearized around a reference point. In this case, the reference point
considered is at near hover condition in equilibrium. Therefore, the following
small angle approximations are valid for the near hover situation.

ωx
∼= ωy

∼= ωz
∼= 0

sinφ ∼= φ; sin θ ∼= θ; sinψ ∼= 0

In the near hover condition, the Yaw angle ψ and the Yaw rate ψ̇ are consid-
ered to be nearly zero. Therefore, the positions in px and py are solely dependent
on θ and φ, respectively. Considering the near hover condition, the nonlinear
model of the Quadrotor can be simplified as:

v̇x = gθ; v̇y = − gφ; v̇z = T

m

ω̇x = τx

Ixx

; ω̇y = τy

Iyy

; ω̇z = τz

Izz

The State Space representation of the Quadrotor system can be interpreted
as a set of input, output, and state variables that are related by first-order dif-
ferential equations. In the state space representation, the state space is the space
that consists of all the state variables at its axis. The generic state space repre-
sentation of the linear system is given as:

ẋ(t) = Ax(t) + Bu(t) (4.7)

Y(t) = Cx(t) + Du(t) (4.8)

In Eqs. (4.7) and (4.8), x(t) is the ‘State Vector’, y(t) is the ‘Output Vector’,
u(t) is the ‘Input Vector’, A is the ‘System Matrix’, B is the ‘Input Matrix’,
C is the ‘Output Matrix’, and D is the ‘Feed forward Matrix’. The vector
[px py pz φ θ ψ] represents the linear and angular positions of the Quadrotor
in the World frame of reference. Whereas, the vector [vx vx vx ωx ωy ωz] repre-
sents the linear and angular velocities in the body-fixed frame of the reference.
The linearized state space model can be derived at the equilibrium condition,
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where x = x0 and u = u0. x0 and u0 represent the reference values at the near
hover condition. The mathematical model of the Quadrotor used for this chap-
ter is an actuator-based model [1]. In order to make the system more realistic,
the control inputs for the proposed mathematical model are the rotor speeds,
instead of the corresponding force or torque. In order to linearize the proposed
model around the near hover point, the A and B matrices for the state space
representation are derived below:

A =
(

∂F (x,U)

∂x

)
x0,u0

; B =
(

∂F (x,U)

∂u

)
x0,u0

Thus, the state space equations for the Quadrotor system are mentioned be-
low:

ẋ(t)︷ ︸︸ ︷⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

vx
v̇x
vy

v̇y
vz

v̇z
ωx
ω̇x
ωy

ω̇y
ωz

ω̇z

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

A︷ ︸︸ ︷⎡
⎢⎢⎢⎢⎢⎢⎢⎣

0 1 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 g 0 0 0
0 0 0 1 0 0 0 0 0 0 0 0
0 0 0 0 0 0 −g 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 1
0 0 0 0 0 0 0 0 0 0 0 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

x(t)︷ ︸︸ ︷⎡
⎢⎢⎢⎢⎢⎢⎢⎣

px
vx
py
vy
pz
vz

φ
ωx
θ
ωy

ψ
ωz

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

+

B︷ ︸︸ ︷⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

KT
m

KT
m

KT
m

KT
m

0 0 0 0
0 − dKT

Ixx
0

dKT
Ixx

0 0 0 0
− dKT

Iyy
0

dKT
Iyy

0

0 0 0 0
− KD

Izz

KD
Izz

− KD
Izz

KD
Izz

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

u(t)︷ ︸︸ ︷⎡
⎢⎢⎣

�2
1

�2
2

�2
3

�2
4

⎤
⎥⎥⎦

Since the Quadrotor control system is designed for a position and heading
controller, the output variables are [x y z ψ], and Eq. (4.8) can be written as:

y(t)︷︸︸︷[ x
y
z
ψ

]
=

C︷ ︸︸ ︷[ 1 0 0 0 0 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 1 0

]

x(t)︷ ︸︸ ︷⎡
⎢⎢⎢⎢⎢⎢⎢⎣

px
vx
py
vy
pz
vz

φ
ωx
θ
ωy

ψ
ωz

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

+

D︷ ︸︸ ︷[ 0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

]
u(t)︷ ︸︸ ︷⎡

⎢⎢⎣
�2

1

�2
2

�2
3

�2
4

⎤
⎥⎥⎦

4.4 LQR control

The Linear Quadratic Regulator (LQR) is a special class of optimal control ap-
proach, which considers linear system dynamics with quadratic cost function.
In practice, it is quite often observed that a meaningful performance indices
can be formulated in the quadratic form. Hence, the LQR plays a crucial role
in understanding and approaching control related problems arising for ARWs
systems.
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As described in Section 4.3, the linearized dynamics for the aerial platform
can be written in state space form as:

ẋ(t) =Ax(t) + Bu(t) (4.9)

y(t) =Cx(t) (4.10)

The system dynamics considers 12 states construed of 3 − D position, veloc-
ity, attitude, and angular velocities. Descriptions of the system matrices can be
found in Eqs. (4.7)–(4.8). In principle, LQR essentially provides a state feedback
control mechanism u(t) = −Kx(t), where the feedback gain K is optimally de-
signed based on minimization of an performance index presented as:

J =
∫ ∞

0

(
xT Qx + uT Ru

)
dt (4.11)

The interesting fact about the LQR formulation is that it provides a closed form
solution of the optimal state feedback gain presented as:

K =
(
R−1BT P

)
(4.12)

where the P is the solution to the following algebraic Riccati Equation [2]:

PA + AT P − PBR−1BT P + Q = 0 (4.13)

Initially, in a MATLAB® system implementation, the optimal state feedback
gain can be obtained using the command lqr(A,B,Q,R). In this chapter, since
we are interested in establishing a track following control mechanism for ARW
system, we have introduced an error minimization factor in the cost function as
follows:

J =
∫ ∞

0

(
eT Qe + uT Ru

)
dt (4.14)

where e(t) = z(t) − Cx(t) represents the error between the commanded sig-
nal z(t) and the system output. A more detailed derivation for the command
tracking LQR can be found in [3]. In the present context of track following
controller design, the performance of the LQR controller to follow different tra-
jectories are presented in Figs. 4.5(a) and 4.5(b). However, it should be noted
that even though the LQR provides an optimal state feedback control, it is unable
to address necessary constraints associated with the control magnitude and other
constraints related to the system state. These types of additional constraints can
better be addressed by introducing a more advanced optimal control design such
as a Model predictive controller, which will be discussed in the following sec-
tion.
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FIGURE 4.5 (a) Tracking performance of the LQR controller following a reference spiral trajec-
tory; (b) the performance of LQR controller on tracking a square trajectory.

4.5 Linear model predictive control

Model Predictive Control, also known as Receding Horizon Control (RHC),
uses the mathematical model of the system in order to solve a finite, moving
horizon, and closed loop optimal control problem [4]. Thus, the MPC scheme
is able to utilize the information about the current state of the system in order
to predict future states and control inputs for the system [5]. The main advan-
tage of using the MPC scheme is the ability to take into account the physical
limitations of the system, as well as the external noise. Due to these consider-
ations in the design process, the controller is able to predict the future output
of the system and formulate an optimal control effort that brings the system
to the desired state for a predefined reference trajectory [6]. In the controller
design, the ability to introduce constrains allows the control inputs and output
to be in a predefined bound for the desired performance. In general, the state
and input constrains are set in relation to the application profile of the control
scheme [7]. In the MPC design, the control signals need to be computed online
for every sampling time, while considering the constrains at the same time. For-
ward shift operators are used in the conventional MPC design to optimize future
control signals [8]. For a complex dynamic system, a large prediction and con-
trol horizon is required, which results in increased online computations. There
have been studies that propose methods to decrease the factors affecting online
computation as discussed in [9].

The optimal control problem is solved at each sampling time interval for the
predefined prediction horizon. The first step of the solution of the optimization
problem is applied to the system until the next sampling time [10]. This process
can be repeated over and over in order to correctly compute the control inputs
for the system to reach the desired state. The earlier discussed nonlinear math-
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ematical model of the Quadrotor is linearized in order to design a linear MPC.
Therefore, the equivalent discretized linear system for a sampling time Ts can
be described as:

	xk+1 = A	xk + B	uk

	yk = C	xk

where, 	xk = xk − xT and 	uk = uk − uT , and k is the current sample. In the
quadrotor model, the state matrix A ∈R

12×12, the input matrix B ∈ R
12×4, and

the C ∈R
4×12 output matrix are as described in the state space representation

of the linearized system. The reference point is considered at near hover con-
dition, while the nominal control input will be u = mg

4 [1,1, . . . ,1]4×1. Based
on the linear state space model, the designed controller predicts the future
states as a function of current state and future control inputs. Therefore, for
i = 1,2,3, ...,N ,

	xk+i+1 = A	xk+i + B	uk+i

	yk+i = C	xk+i + D	uk+i

	Xk = G	xk + H	uk

	Yk = C̄	Xk + D̄	Uk (4.15)

Eq. (4.15) becomes the prediction equation in which

	Xk =

⎡
⎢⎢⎣

	xk
	xk+1
	xk+2

...
	xk+N−1

⎤
⎥⎥⎦;	Uk =

⎡
⎢⎢⎣

	uk
	uk+1
	uk+2

...
	uk+N−1

⎤
⎥⎥⎦;	Yk =

⎡
⎢⎢⎣

	yk

	yk+1
	yk+2

...
	yk+N−1

⎤
⎥⎥⎦

G =
⎡
⎢⎣

I
A
A2

...
AN−1

⎤
⎥⎦;H =

⎡
⎢⎣

0
B 0

AB B 0
...

...
. . .

. . .
AN−2B AN−3B ... B 0

⎤
⎥⎦

C̄ =
⎡
⎢⎣

C
C

C

...
C

⎤
⎥⎦; D̄ =

⎡
⎢⎣

D
D

D

...
D

⎤
⎥⎦

In order to choose the optimal control input at each sampling time interval, a
cost function formulation is considered for the MPC design. The aim of the
cost function formulation is to minimize the control effort, while driving the
predicted outputs to a reference trajectory. In the proposed controller design,
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the cost function penalizes the error in the reference trajectory and the current
output state, as well as the control inputs.

Q(	xk,	Uk) = (	x
ref
k − 	xk)

T M̄x(	x
ref
k − 	xk)

+ (	u
ref
k − 	uk)

T M̄u(	u
ref
k − 	uk)

+ (	uk − 	uk−1)
T ¯M	u(	uk − 	uk−1)

where M̄x , M̄u, and ¯M	u are the weighing matrices for the states, the control
inputs, and the rate of change in the control inputs. The linear MPC is vali-
dated using the linearized plant model of the Quadrotor mathematical model.
The linearized model uses the state space form of linear dynamics, where a near
hover condition is considered the reference point. Once the MPC design is val-
idated, the same controller is used with the non-linear model of Quadrotor. The
closed-loop control architecture is shown in Fig. 4.6. The term ζref = [x y z ψ]T
represents reference trajectory to follow.

FIGURE 4.6 MPC block diagram for Quadrotor.

min
uk,...,uk+N−1

⎧⎨
⎩

N−1∑
j=0

∥∥xk+j − xr (k)
∥∥2

Qx
+ ∥∥uk+j − ur(k)

∥∥2
Qu

⎞
⎠

⎫⎬
⎭

s.t.: xk+j+1 = f
(
xk+j , uk+j

)
umin ≤ uk+j ≤ umax

(4.16)

In Fig. 4.6, MO represents Measured Outputs, MV represents manipulated
variables, U1,U2,U3, and U4 are Thrust, Roll, Pitch, and Yaw torques.

In Fig. 4.7 and Fig. 4.8, the MPC responses to the following different trajec-
tories are shown. As in the definition of Model Predictive Control, the formu-
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FIGURE 4.7 MPC response on following a spiral trajectory.

FIGURE 4.8 MPC response on following a square trajectory.

lated controller predicts the future states of the system and updates the control
inputs, respectively. This behavior of MPC is clearly evident in Fig. 4.8 while
comparing the same square trajectory scenario with a PID-based controller re-
sponse as shown in Fig. 4.4. The difference between the two plots is that the
MPC-based controller is able to predict the sharp turn at corners while follow-
ing s square trajectory, and corresponding control inputs make the quadrotor
turn before overshooting in such scenarios. Where, as in PID-based controller
as shown in Fig. 4.4, the controller overshoots on corners on the following a
square trajectory.

4.6 Nonlinear MPC

The nonlinear MPC is a model-based control framework that calculates control
actions at each control interval using a combination of model-based prediction
and constrained optimization. While it is very similar to the linear MPC ver-
sion, it has several additional features. The NMPC model can use a nonlinear
prediction model, while the various equality and inequality constraints can be
either linear or nonlinear, and it can accept cost functions that are nonquadratic.
While the advantages are evident over the linear MPC, a significant trade-off is
the computation burden and the limited resources of the ARW onboard compu-

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



Control of ARWs Chapter | 4 59

tation unit, which luckily will be mitigated as the computers are continuously
improving, and they will be able to handle more complex problems.

To reduce the complexity of the nonlinear problem for an ARW control,
instead of using the full nonlinear model and solving directly for torques or mo-
tor speed, it is possible to utilize a simplified position modeling like the one
presented in Section 3.3.3 of Chapter 3. Subsequently, we need to assume that
the ARW is equipped with an attitude controller that accepts thrust, roll, pitch,
and yaw-rate references (note: the yaw angle can be controlled by a simple de-
coupled PD controller). The control scheme will have a very intuitive cascaded
structure like the one presented in Fig. 4.2, and most commercial drones are
equipped with such an attitude controller, as those control inputs are the com-
monly accepted commands for remote operation with an RC (roll and pitch
references to move left/right, thrust for up/down, and yaw-rate to rotate).

Using the model presented in Section 3.3.3 of Chapter 3 in (3.36), let the
state vector be denoted by x = [p,v, φ, θ ]�, and the control action by u =
[Td,φd, θd ]�. The system dynamics of the ARW is discretized with a sampling
time dt using the forward Euler method to obtain

xk+1 = f (xk,uk). (4.17)

This discrete model is used as the prediction model of the NMPC. This predic-
tion is made with a receding horizon, e.g., the prediction considers a set number
of steps into the future. We denote this as the prediction horizon, N ∈ N, of the
NMPC. In some applications, the control horizon is distinct from N , but in this
chapter, we will only consider the case where they are the same, meaning both
control inputs and predicted states are computed in the same horizon without
loss of generality. By associating a cost to a configuration of states and inputs at
the current time and in the prediction, a nonlinear optimizer can be tasked with
finding an optimal set of control actions, defined by the cost minimum of this
cost function.

Let xk+j |k denote the predicted state at time step k + j , produced at the time
step k. Also denote the control action as uk+j |k . Let the full vectors of predicted
states and inputs along N be denoted as xk = (xk+j |k)j and uk = (uk+j |k)j .
The controller aims to make the states reach the prescribed set points while
delivering smooth control inputs. To that end, we formulate the following cost
function as:

J (xk,uk;uk−1|k) =
N∑

j=0

‖xref − xk+j |k‖2
Qx︸ ︷︷ ︸

State cost

+ ‖uref − uk+j |k‖2
Qu︸ ︷︷ ︸

Input cost

+‖uk+j |k − uk+j−1|k‖2
Q	u︸ ︷︷ ︸

Input change cost

, (4.18)
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where Qx ∈R
8×8,Qu,Q	u ∈R

3×3 are symmetric positive definite weight ma-
trices for the states, inputs, and input rates, respectively. In (4.18), the first term
denotes the state cost, which penalizes deviating from a certain state reference
xref. The second term denotes the input cost that penalizes a deviation from the
steady-state input uref = [g,0,0], i.e., the inputs that describe hovering in place.
Finally, to enforce smooth control actions, the third term is added that penalizes
changes in successive inputs, the input change cost. It should be noted that for
the first time step in the prediction, this cost depends on the previous control
action uk−1|k = uk−1.

We also directly apply constraints on the control inputs. As we are designing
the NMPC to be utilized on a real ARW, hard bounds must be posed on the
roll and pitch control references as the low-level attitude controller will only be
able to operate with the desired flight behavior within a certain range of angles.
Additionally, as the thrust of the ARW is limited, a similar hard bound must be
posed on the thrust values. As such, constraints on the control inputs are posed
as:

umin ≤ uk+j |k ≤ umax. (4.19)

Following the NMPC formulation, with model and cost function as previ-
ously described, the resulting NMPC problem becomes:

Minimize
uk,xk

J (xk,uk, uk−1|k) (4.20a)

s.t.: xk+j+1|k = f (xk+j |k, uk+j |k),
j = 0, . . . ,N − 1, (4.20b)

umin ≤ uk+j |k ≤ umax, j = 0, . . . ,N, (4.20c)

xk|k = x̂k. (4.20d)

This problem reads as: minimize the cost function J (xk,uk, uk−1|k), subject to
the discrete state-update function f (xk+j |k, uk+j |k) (simply meaning that the
states evolve based on a computed control input in accordance with the model),
and subject to the input constraints. The problem also implies that the state at
the current time step (j = 0) is the measured state as xk|k = x̂k . Such a nonlinear
optimization problem can be solved by the optimization Engine [11] or OpEn
for short, utilizing the PANOC (Proximal Averaged Newton-type method for
Optimal Control) algorithm [12], which is an open-source and easy-to-use code
generation software that generates a rust-based custom solver from a specified
model, cost function, and set of constraints. It is also very fast and can be called
directly in C++ and Python.

To demonstrate the performance of this controller, we will use the cas-
caded control method as shown in Fig. 4.2 with the NMPC as the position
controller, and a PID controller as the attitude controller while for the ARW
we will utilize the full nonlinear dynamics. The PID controller will track the
Td,φd, θd and ψ = 0 inputs from the NMPC and provide the necessary torques
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τ to regulate the position of the ARW. The NMPC prediction horizon N has
been set to 40 and the sampling time at Td = 0.1 sec. The roll and pitch an-
gles are constrained within [−π/12 ≤ φd, θd ≤ π/12], rad. The weights for
various matrices are selected empirically based on iterative trials until the track-
ing performance satisfies desired maximum error. The state deviation is penal-
ized by Qx = diag(10,10,10,20,20,20,1,1), while the control action weights
are Qu = diag(20,10,10), and the weights for the input rate of change are
Q	u = diag(10,20,20). The tracking performance of the position controller
is shown in Fig. 4.9 for a spiral and a square trajectory.

FIGURE 4.9 (a) Tracking performance of the NMPC position controller following a reference
spiral trajectory while in (b) the same NMPC controller tracks a square trajectory.

4.6.1 Switching model based attitude controller of an ARW
foldable quadrotor

For a system whose dynamics change due to structural reconfiguration during
flight, like the one presented in Chapter 3, it will be essential to follow the cas-
caded control approach in Fig. 4.2. This approach will assist in dividing the
tracking and attitude problem into two parts. Firstly, the position controller will
give body frame control commands φref , θref , Tref essential for the ARW to
track the position reference points. On the other hand, the attitude controller,
whose job is now to track the given inputs from the position controller and con-
sider the variations in the structural configuration of the ARW, thus, providing
the necessary motor commands to maintain the ARW’s stability. For position
controller, one can utilize the same controller as in Section 4.6. But any con-
troller that could provide either Thrust, roll, pitch, or rate commands considering
independence from the heading yaw reference will be sufficient for that purpose.

After linearizing Eq. (3.46) from Chapter 3, at ω = 0 and τ = 0, it results in
the following linear system:

⎡
⎣ω

ω̇

τ̇

⎤
⎦ =

⎡
⎢⎣

0 I 3 0

0 0 I−1

0 0 − 1
τα

I 3

⎤
⎥⎦

⎡
⎣η

ω

τ

⎤
⎦ +

⎡
⎢⎣

0
0

1
τα

I 3

⎤
⎥⎦ (4.21)
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FIGURE 4.10 Block diagram displaying the overall ARW foldable quadrotor control scheme.
Highlighted area indicates the low-level attitude control.

The attitude model of the ARW after the linearization stage depends on
the variable inertia matrix. The inertia matrix depends on the position of the
ARW arms based on the rotation of the four servo motors; thus, the ARW sys-
tem is subject to parametric changes as the ARW updates its formation. For
this example, we consider four different formations named after the final posi-
tion of the arms based on the notation in Fig. 3.5. X for θs,[1,...,4] = [π/4], H
for θs,[1,...,4] = [π/2],Y for θs,[1,4] = [π/4] and θs,[2,3] = [π/2], lastly T for
θs,[1,4] = [0] and θs,[2,3] = [π/2]. The linear system can be represented as a
Linear Parametric Varying (LPV) system based on the servo angles θs ,

xk+1 = A(θS,k)x(k) + B(θS,k)u(k) (4.22)

where x(k) ∈ R
n×1 denotes the system states, and u(k) ∈ R

m×1 is the input
vector. The linear switching MPC optimization problem is described by (4.23):

minimize
N−1∑
k=0

(
	x�

k Qx	xk + u�
k Ruuk

)
(4.23a)

subject to 	umin ≤ 	uk ≤ 	umax, k = 1, ...,Np, (4.23b)

xk+1|k = f (xk|k,uk|k, θ s,k|k), k ≥ 0, (4.23c)

x0 = x(t0) (4.23d)

where 	xk = xk,ref −xk and 	uk = uk|k −uk|k−1, while Np denote the predic-
tion horizon, respectively. Qx 	 0 and Ru 
 0 are the penalty on the state error
and on the control input, respectively, while the bounds of the constraints are
denoted as (.)min,max. The state update of the optimization problem is a function
of the current states, inputs, and the angle of the arms, θ s and x0 are the initial
state conditions.

The complete control scheme is displayed in Fig. 4.10. The highlighted area
indicates the attitude switching MPC that is updated each time to the appropriate
model based on the switching variable tf , which indicates the formation of the
platform (X-H-Y and T). The computed torques and thrusts from the switching
MPC are given to the parametric varying control mix as defined in the previous
chapter, which results in the necessary forces for the motors.
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Similar to the previous control design, the combined controller is for a square
and spiral trajectory. Starting with the spiral trajectory, the ARW starts from X
formation while it updates the position of the arms every 10 [sec] to H,Y,T and
back to the initial X formation. The trajectory tracking of the linear MPC has
a sampling time of 0.1 sec. The input weights are set to Ru = diag(25,25,8)

for the roll pitch and thrust, while the yaw reference is kept at ψref = 0. The
states weights are set to Qu = diag(40,40,60,80,80,80,0.1,0.1). Fig. 4.11
shows the tracking performance of the ARW that successfully tracks the spiral
trajectory despite the continuous formation changes.

FIGURE 4.11 Position response of the foldable aerial worker following a spiral trajectory.

Fig. 4.12(a) shows the attitude control action response of the switching MPC.
Fig. 4.12(b) illustrates the effect of the platform morphology impact on the re-
quired force by each motor. Note that while the required roll pitch and yaw and
response of the attitude controller is not aggressive, to balance the ARW requires
quite large variation that are handled successfully by the motor mixer.

FIGURE 4.12 (a) Control actions of the switching attitude MPC and (b) motor forces provided by
the motor mixer for a spiral reference trajectory.

Furthermore, in Fig. 4.13(a), the reconfigurable ARW tracking performance
is evaluated for a square trajectory for same tuning of the controller. The ARW
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successfully tracks the given trajectory despite the formation updates even when
the reformation occurs close to a turning of the square trajectory. The reference
angles φref and θref provided by the position controller are shown in Fig. 4.13(b)
(red dashed line), while ψref = 0 is externally given and successfully tracked by
the switching MPC (black line).

FIGURE 4.13 (a) ARW trajectory tracking performance for a given square path, and (b) control
action response during a square trajectory tracking simulation of the switching attitude MPC.

4.7 Conclusions

This chapter focused on the control of ARWs that are utilized to track way-
points or trajectories and navigate to the desired destination, or track a desired
path. Among the various control methods, both model-less controllers, as well
as model-based controllers, are presented based on the models described in
Chapter 3. PID, LQR, and MPC controllers have been tested under the tracking
problem of a spiral and a square trajectory. Furthermore, based on a simpli-
fied position modeling, an NMPC is presented for the navigation of ARWs. The
NMPC has a primary advantage in that it can be used directly with the nonlinear
model instead of requiring an intermediate linearization step as well as accept-
ing both linear and nonlinear constraints. Finally, a cascaded position NMPC
and an attitude switching MPC are presented to cope with the model variations
of an ARW re-configurable quadrotor, which updates its morphology in-flight.
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Chapter 5

Perception capabilities for
ARWs
The art of perceiving the environment

Samuel Karlsson and Yifan Bai
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,
Luleå, Sweden

5.1 Introduction

There is a multitude of ways to perceive the surroundings using different types of
sensors, which can sense different aspects of the surroundings being perceived.
If the distance to the surrounding environment is desired, a lidar is useful. Li-
dar is a laser range measurement device that measures the distance in multiple
directions. The exact amount of measurements and the coverage area depends
on the specific model being used. For example, Velodyne VLP-16 gathers up to
300,000 measurements per second, spread over a field of view of 360◦ horizon-
tally and 30◦ vertically [1]. The data collected by lidar is commonly referred to
as a point cloud (An example of which can be seen in Fig. 5.1).

An RGB camera is a vision sensor that captures the colors in the area that
is in the field of view of the camera. As the saying goes, “A picture is worth
a thousand words” is as true for a robot as anywhere else. The challenge in
robotics is to interpret the information and neural networks are commonly used
for processing the images from the camera. A popular technique for the detec-
tion of objects in an image is the convolution neural network YOLO [2]. YOLO
is capable of identifying the position of an object in an image and identifying
the object (amongst a set of objects that it is trained to recognize). An image is
a 2D representation of the environment, and therefore, only the position of an
object in the 2D image frame can be directly discerned. For ARW’s this means
that only the direction to an object is known and not the distance of the object
from the camera. There exist ways of deriving the distance to the detected ob-
jects from the 2D image. It is possible to use a neural network to estimate the
depth in the image or combine the information in the image with more sensors
that provide distance information. Another option is to use a stereo camera (two
cameras with known relative position) and identify an object in the images of
both cameras and use trigonometry to calculate the distance of the object from

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00011-1
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FIGURE 5.1 An example of a point cloud captured by a Velodyne VLP-16 lidar.

the camera. There exist cameras that have this behavior built in, and they are
commonly referred to as RGB-D (Red Green Blue Depth) cameras. Even with
a single camera is it possible to derive depth information, if reliable state esti-
mation is possible during the movement of the robot, so that multiple images
from different positions can be used to derive depth information as in a stereo
camera [3].

Sensors like thermal cameras and sonar are the other option for ARW’s
and often a specific application dictates which of these needs to be added to
the ARW’s sensory repertoire. Sonars are useful in low-visibility scenarios (to
see through the fog, for instance), and thermal cameras are useful for surveil-
lance/inspection applications. When it comes to ARWs, there are limitations on
the weight that can be carried, and it is crucial to use sensors that are appropriate
for the task at hand.

5.2 Mapping

Building a map of the environment that the ARW has to pass through is crucial
for multiple reasons. The map can be used for navigation or localization of the
ARW. Maps of known environments can be loaded into the ARW’s memory
or built online (during operation) using the sensors on board the ARW. In both
cases, the operation of the ARW is heavily reliant on accurate knowledge of its
current position. There exist methods for simultaneous localization and mapping
(SLAM), these methods have a circular dependency problem where the mapping
relies on an accurate localization, and the localization relies on an accurate map.
This section focuses on how a map M can be created given a position estimate p.
As a case study, we next consider an occupancy grid map in 2D, that can easily
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FIGURE 5.2 Examples of a mapping process. The green circle indicates the position (p) of the
ARW in a grid map. Black cells are occupied (P(c) = 1), white are free (P(c) = 0), and gray are
unexplored. The lidar rays (ξ ) emanating from the ARW are visualized with black lines. In 5.2a, an
early stage of a mapping process is depicted, and the status of most areas is still unknown. As the
ARW moves, the map evolves, and the map, after some exploration, is shown in 5.2b.

be extended to 3D, and the fundamental principles that are part of this case can
also be utilized in other types of maps.

An occupancy grid is a grid where each cell (c) has a value corresponding
to the probability P(c) that the cell is occupied. In a perfect world where p is
exact, and the sensor input ξ (point cloud from lidar in this example) is noise-
free and precise, the creation of a map is easy. By transforming ξ from the body
frame {B} to the global frame {G} and mapping the point to its corresponding
cell, all cells with a point mapped to it will have P(c) = 1. And by doing a
ray cast between p and each point in ξ , the passed through cells can be given
an occupancy probability P(c) = 0 (as visualized in Fig. 5.2). In reality, p is
not exact, and the sensor has noise, so there is a chance that the above method
would register false positives and false negatives, leading to an inaccurate M .
By assuming that the errors in p and ξ are Gaussian distributed each point in
ξ can add some probability to the corresponding c and its surroundings. With
multiple ξ some c will have a P(c) → 1 and others P(c) → 0 wiles other will be
floating in-between. Using limits, each c can be given a binary value occupied
or free to create a binary grid map M (Fig. 5.3 illustrates this process).

Using a low limit value will create a conservative M where it is highly un-
likely to have a false negative, c that is noted as free in M but is occupied. The
downside is that it is likely to have false positive, c that are noted as occupied
but are free, this can unnecessarily restrict the ARW’s ability to navigate.

Dynamic environments, environments with moving obstacles create a chal-
lenge. An obstacle that moves will change what the ARW preserve of the envi-
ronment. Some areas will become blocked from view, and others will start to be
visible. If the old ξ are considered as trustworthy as the latest ξ , the map will
be slow at adjusting for dynamic obstacles movement. Old measurements will
suggest that the map is in a certain way, and it will take more measurements of
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FIGURE 5.3

a new layout that there are of the old layout to change M to the new layout. One
way to deal with a dynamic obstacle is to trust the current measurements more
than the old ones. Trusting the latest ξ , trust that ξ and thus subject M to the
noise in that ξ . Multiple ξ can remove some noise with a simple filter, median
filter, for example. One benefit of grid maps is that it naturally deals with small
noises in ξ because of the discreet nature of c since the input is mapped to the
same c, even if it is slightly noisy.

The size of c in M will impact the overall performance, larger c will reduce
the amount of c needed to represent the environment and thus saving memory
and computation time. But smaller feature in the environment risk being ab-
sorbed as a single occupied c or missed completely, and the precision will be
reduced (most operation on a grid map will have the discreet precision of the c

size). A too small c size will not be useful because the uncertainty from p and
noise in ξ will cause too large uncertainties in M , i.e., P(c) will float in between
0 and 1 in too many cases.

5.3 State estimation

5.3.1 Visual odometry

5.3.1.1 Feature extraction and matching
Visual odometry (VO), an alternative to wheel odometry, concerns estimating
the pose and orientation of a mobile robot by observing the apparent motion of
the static world captured by cameras. The advantage of VO compared to wheel
odometry is that VO is not affected by wheel slip in uneven terrain, and it has
been demonstrated that VO provides accurate trajectory estimates with error of
roughly 1% [4].

The basic principle of VO is to find some representative points in images,
so-called features, that will remain unchanged after minor view of the camera
changes and estimate camera motion based on these features. Features such as
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corner features (Harris [5], FAST [6]), and BLOB features (SIFT [7], SURF [8])
are commonly used. Once a feature is detected, the region around the feature is
encoded using a descriptor that can be matched against other descriptors. SIFT
descriptor is a classical one that performs well in the presence of scale, rotation,
and illumination changes, but the costs associated with computation are high.
Some simple descriptors such as BRIEF [9] and ORB [10] have been developed
for real-time feature extraction. By matching the descriptors between images,
the correspondences between two images of the same scene are established,
and as such, we can estimate the camera pose. Consider the features xm

t ,m =
1,2, . . . ,M extracted in image It and features xn

t+1, n = 1,2, . . . ,N extracted in
image It+1. The simplest matching approach is Brute-Force Matcher, calcu-
lating the Hamming distance (binary descriptors) or Euclidean distance (floating
descriptors) between each xm

t and all xn
t+1, followed by sorting, where the one

with the minimum distance is considered the matching feature. However, lim-
ited by the computational complexity, brute force matcher is not suitable for the
real-time calculations. FLANN (Fast Library for Approximate Nearest Neigh-
bors) [11] contains a collection of algorithms optimized for fast nearest neighbor
search in large datasets and high dimensional features. It works faster than brute
force matcher for large datasets and is well implemented into OpenCV.

5.3.1.2 Pose estimation
In this part, we will briefly introduce how the transformation between image It

and image It+1 can be computed given two sets of corresponding features ft

and ft+1. Depending on the dimensions of features, the feature matching and
corresponding motion estimation can be classified as follows:

1. 2D-2D: both ft and ft+1 are 2D points, and the motion estimation is solved
by epipolar geometry.

2. 3D-3D: ft and ft+1 are two sets of 3D points, and the motion estimation is
usually solved by ICP (Iterative Closest Point).

3. 3D-2D: ft are specified in 3D, and ft+1 are 2D reprojections of ft , and the
motion estimation is solved by PnP (Perspective n Point).

a) Epipolar Geometry
As seen in Fig. 5.4, we assume that the rotation R and translation T represent
the motion of the camera for capturing image I1 and I2. O1, O2 are the optical
imaging centers. p1 and p2 is a pair of matching features in two images. The
plane determined by O1, O2 and P is called the Epipolar Plane, the line O1O2
is called the baseline, Epipoles e1 and e2 are the intersections of the baseline
and two image planes, and we call the intersection lines between epipolar plane
and image plane as Epipolar Lines.

From a geometrical point of view, vectors
−−→
O1p1,

−−−→
O1O2 and

−−→
O2p2 are copla-

nar. Thus, we have
−−→
O1p1 ·

(−−−→
O1O2 × −−→

O2p2

)
= 0. (5.1)
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FIGURE 5.4 Coplanarity constraint of Epipolar Geometry.

Assuming the world reference system to be associated with the first camera,
Eq. (5.1) can be transformed to

p�
1 · [T × (R · p2 + T)] = 0 (5.2)

and further simplification leads us to

p�
1 · [T × (R · p2)] = 0. (5.3)

From linear algebra, we can represent the cross product between two vectors as
a matrix-vector multiplication:

a × b =
⎡
⎢⎣ 0 −az ay

az 0 ax

−ay ax 0

⎤
⎥⎦

⎡
⎣ bx

by

bz

⎤
⎦ = [a×] b. (5.4)

Using the above notation, Eq. (5.3) can be written as

p�
1 · [T×] R · p2 = 0. (5.5)

The matrix E = [T×]R is known as the Essential Matrix, which is a 3 × 3
matrix having 5 degrees of freedom. If the camera is not calibrated, the canoni-
cal projection of the object P to the corresponding image plane is pc = K−1p,
where K is the intrinsic matrix of the camera. Recall the coplanarity constraint,

p�
c1 · [T×] R · pc2 = 0. (5.6)

By substituting pc with distorted values, we have

p�
1 · K−� [T×] RK−1 · p2 = 0. (5.7)

The matrix F = K−� [T×] RK−1 is called the Fundamental Matrix, which is
also a 3 × 3 matrix but having seven degrees of freedom.
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The fundamental matrix has seven degrees of freedom, in the sense that it
has to be solved with seven matching features in the two images. However, from
[12], we see that the computation of the fundamental matrix can be numerically
unstable if only seven pairs of features are available. In [13], a classic Eight
Point Algorithm is proposed, which solves the matrix with a set of eight or
more corresponding features. After acquiring the fundamental matrix, we can
use singular value decomposition (SVD) to obtain the rotation and translation
of the camera.

b) Iterative Closest Point (ICP)
Assume that we match two RGB-D images and obtain a set of the corre-
sponding 3D points in the same coordinate system: P = {p1, . . . ,pn} and
P′ = {

p′
1, . . . ,p′

n

}
, scilicet, obtain the transformation matrix R. T that makes

P = R · P ′ + T . The Procrustes analysis provides a statistical way to solve this
problem. First, we compute the center of mass of the two points sets

μp = 1

NP

(
NP∑
i=1

pi

)
(5.8)

μp
′ = 1

NP
′

⎛
⎝NP′∑

i=1

pi
′
⎞
⎠ (5.9)

and the SVD of the covariance matrix of two sets:

C′
PP =

NP∑
i=1

(
pi − μp

)(
pi

′ − μ′
p

)

= USV�
(5.10)

where C′
PP is a 3 × 3 matrix, S is a diagonal matrix of singular values, U and V

are diagonal matrices. If C′
PP has full rank, the optimal solution of transforma-

tion matrix shown in [14] has to be

R = UV� (5.11)

T = μp − Rμ′
p. (5.12)

If correct matching features are not known, we can match the closest point in
the reference point cloud to each point in the source point cloud, iteratively
estimate the rotation and translation based on Procrustes analysis and transform
the source point using the obtained rotation and translation until the convergence
criterion is met.
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c) Perspective n Point (PnP)
It is also possible to estimate the pose of the camera if some 3D points and their
projection positions onto the image plane are given. This problem is known as
perspective n point. As pointed out in [15], motion estimation from 3D-2D is
more accurate than 3D-3D, as it minimizes the image reprojection error rather
than the feature position error.

The PnP problem can be formulated as follows. Given a set of homogeneous
3D points pw in the world frame, their projections pc in the camera frame and
the calibrated intrinsic camera parameters K , determine the rotation R and trans-
lation T of the camera with respect to the world frame

spc = K[R | T]pw (5.13)

which on expansion takes the form

s

⎡
⎣ u

v

1

⎤
⎦ =

⎡
⎢⎣ fx 0 u0

0 fy v0

0 0 1

⎤
⎥⎦

⎡
⎣ r11 r12 r13 t1

r21 r22 r23 t2
r31 r32 r33 t3

⎤
⎦

⎡
⎢⎢⎣

x

y

z

1

⎤
⎥⎥⎦ (5.14)

where s is a distance scale factor.
There are several solutions for PnP problem, for instance, P3P [16], Direct

Linear Transform (DLT) [17], Efficient PnP (EPnP) [18], etc.

5.4 Object detection and tracking

Object detection is a fundamental pillar of computer vision and can be relevant
to a variety of application scenarios for inspection and monitoring requirements.
The fundamental aim of the object detection module is to use the visual sensor
for classifying and localizing objects in the image plane. Classical variations of
object detection include edge detection, face detection, shape detection, color
detection, salient object detection, etc. The recent advances on both fronts of
hardware and software brought Deep learning in the forefront of current object
detection efforts. During the years, the performance of object detectors has been
substantially improved, where, for example, such methods have been deployed
in the recent DARPA SubT challenge.1 Deep learning object detectors can be
divided into two main categories, single-stage and two-stage detectors. The two-
stage detectors include two parts, namely i) the region proposal network that
provides candidates for bounding boxes and ii) feature extraction for bounding
box regression tasks. This methodology allows for high accuracy of the result
while operating at slower rates. The single-state detectors provide a prediction
of bounding boxes directly from the input images, making them faster during
inference but less accurate. In this Chapter, the state-of-the-art Convolutional

1 https://www.darpa.mil/program/darpa-subterranean-challenge.
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FIGURE 5.5 An example of YOLO detecting two people in an indoor environment and the Hun-
garian algorithm tracking them.

Neural Network (CNN) object detector YOLO (You Only Look Once) [19] is
used. YOLO is based on a single CNN that models the detection problem as
a regression function, which divides the input image into regions, and then it
predicts the boundary boxes and probabilities for each region. A merit of the
method is that it allows for predicting multiple bounding boxes and probabilities
in different parts of the image. Classification networks like YOLO are capable of
detecting multiple objects in an image, labeling the objects (from among a class
of labels used for training), locating the objects within the image and providing
an estimate of their dimension as in Fig. 5.5.

A human can track any object through time intuitively using a combination
of visual resemblance and proximity to the last known position. There is gener-
ally no way for a computer to know if the objects in two different frames are the
same. But a computer can use the same technique as humans do. By assuming
that objects have a relatively small position change between two consecutive
frames, the detected object can be paired between frames and thus tracked.
Using the position information from a classification network, a combinatorial
optimization algorithm like the Hungarian algorithm [20] can be used to track
the detected objects.

Let us assume that five objects are detected in two consecutive frames
(a1, ..., e1) and (a2, ..., e2). By comparing each of a1...e1 positions against all
of a2..e2 positions, the best fits can be calculated. The fit can be calculated as
a percentage of overlapping area in the image or as the distance between cen-
ters. Deepening on expected movement of objects, different ways of calculation
fit can be preferred. Using the fits, the objects in consecutive frames can be
matched by matching the best fit first and then matching the second best, and
so on. Considering a fitness score on how bad fit can be considered the same
object, new objects will be detected, e.g., an object exists in the new frame that
do not match any in the old frame, while objects in the previous frame that do
not match any in the new frame will be identified as objects outside the field of
view and therefore removed from the tracked objects. This algorithm is visual-
ized in Fig. 5.6, where one object disappears and a new one appears. To increase
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FIGURE 5.6 An example illustration of the Hungarian algorithm tracking process. In this exam-
ple, there is no good match for c1, and it appears a new object c2.

the robustness of the algorithm in situations where the object comes outside the
field of view of the sensor, short temporal memory mechanisms can be intro-
duced for those objects in case they become inside the field of view. This can be
combined with a module that will predict the position of the object of interest in
the upcoming frames to assist the re-detection task in the case the object comes
inside the Field of View of the visual sensor. A popular way of predicting the
next position of the object is using a Kalman filter. The Kalman filter has the
added benefit of filtering noise from the measurements, and it is also capable of
estimating unmeasured states (for example, the object’s velocity).
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With the help of depth information of an object, the global 3D position of the
object can be calculated. With the depth information, we obtain an obstacle’s 3D
position p = [x, y, z]T in the image frame {I}. To transform pp pixels to metric
pm, the camera intrinsic matrix K is used

K−1pp = pm. (5.15)

The ARW’s current position can be transformed into the global frame {G}
through the operation

pIGTI = pG (5.16)

where TI is the transformation matrix from {I} to {G}.
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Chapter 6

Navigation for ARWs
Björn Lindqvist, Vignesh Kottayam Viswanathan, Samuel Karlsson, and
Sumeet Gajanan Satpute
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

6.1 Introduction

The problems of navigation and path planning are some of the most well-studied
and fundamental problems in Robotics [1,2]. Almost all autonomous missions
require that the robot can move from some initial position to a desired one,
avoiding any obstacles encountered on the way. Inspection tasks require a path
planner that can query a control system to move the robot along the desired in-
spection path. Exploring unknown areas requires navigation methods that can
continuously update as new information is acquired, while reactively avoiding
any collisions with the environment. Any robot working in densely populated
areas occupied by objects, other robotic agents, or, most importantly, humans,
needs fast and effective obstacle avoidance schemes to ensure the safety of the
robots and human workers in the area. All of these problems fall under the gen-
eral class of navigation problems, in solving which safe and optimal paths are
developed to take the ARW from one position to the next in order to complete
the overall mission and task.

From these examples, it should be clear that the navigation task is tightly
coupled with robotic perception, as there is no way to avoid an obstacle with-
out first perceiving it. Unless we assume a completely static and fully known
environment, the path planning and obstacle avoidance problems are entirely
dependent on sensor information about the robot’s surroundings. This informa-
tion usually comes either from a constructed occupancy map of the environment
(continually updated or previously known) or from the raw sensor data provided
by onboard sensor equipment, such as cameras or LiDAR scanners.

In this chapter, we will separate the navigation problem into two sub-
categories. Reactive local planners or obstacle avoidance ensures that the ARW
maintains a safe distance from any obstacle, wall, surface, etc., in the imme-
diate surroundings. These planners should be able to operate at high run-time
requirements to quickly re-plan if new obstacles are detected and should be
coupled with the control framework to ensure effective avoidance maneuvers.
Global path planners ensure that the robot moves through the environment in

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00012-3
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order to complete the desired task by calculating the path that takes the robot
from an initial position to the desired one. There is a wide range of global path
planners used for ARWs, mainly centered around either methods of ensuring the
optimal and complete coverage during inspection tasks or occupancy map-based
iterative planners that can be queried to find the path between any two points in
the occupancy map. We will also discuss how simple but effective heading reg-
ulation techniques can stand in for more complex global planning architectures
in specific environments.

6.2 Navigation architecture

In general, ARW missions require both a local and a global path planner. For
example, in [3], a local artificial potential field is combined with a RRT-based
global path planner, and in [4,5], both artificial potential fields and NMPC-based
obstacle avoidance are combined with a heading regulation technique that al-
lows the ARW to align its heading to follow subterranean tunnels while the
avoidance layer maintains a safe distance to the walls. This is in general the
case, since even with very efficient and fast map-based global path planners,
maps and localization frameworks can suffer from drifts, uncertainties, inaccu-
racies or simply produce a path that would lead to collisions, and thus a local
obstacle avoidance scheme that relies only on the direct sensor information is
recommended as an inner safety layer to ensure there are no collisions with the
environment or other robots. A general example architecture for an ARW mis-
sion is presented in Fig. 6.1. From a mission/exploration architecture or from an
ARW operator, a desired goal point to reach, denoted as pg , is selected. A global
map-based path planner generates a series of way-points wp that define the path
from initial point p0 (based on the current estimated position of the ARW) to the
goal pg . The first waypoint in wp, let us call it wp1, is sent to a local avoidance
scheme that calculates the relevant controller reference xref that commands the
robot to move toward wp1 while maintaining a pre-defined safety distance to
any obstacles based on the onboard perception. The next step is either recal-
culating wp based on new map information and initial position p0 or query
the local planner once the ARW has reached wp1 in order to move to the next
waypoint wp2 and so on until pg is reached.

6.3 Reactive local path planners

Reactive local path planners, also commonly referred to as obstacle avoidance
act as an inner safety layer whose purpose is to guide the ARW through the local
environment in such a way as to maintain a specified safety distance from any
obstacle encountered on the way. To be able to quickly react to new environ-
ment information, these local planners have to operate in real time, which for a
quickly maneuvering platform with high run-time requirements like the ARW,
implies re-calculations at 10–20 Hz or faster. This is a large restriction, but with
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FIGURE 6.1 General example navigation architecture for ARW.

modern computational devices and smarter algorithms, wider ranges of applica-
ble schemes for local planning and re-planning become available. Additionally,
the better the pairing is between the controller and the avoidance layer, the better
and smoother the avoidance maneuvers will be.

Due to multiple benefits (discussed in Section 6.3.1), the APF (Artificial Po-
tential Field) [6,7] is the current most common approach utilized for reactive
obstacle avoidance and has been used for the ARW application use cases for
both mapping [8] and exploration tasks [9], as an extra reactive control layer
for obstacle avoidance. Novel nonlinear MPC based avoidance schemes [10],
where obstacle avoidance is directly integrated into the reference tracking con-
troller, will also be discussed in Section 6.3.2, with the advantage of directly
considering the nonlinear dynamics of the ARW platform during the avoidance
maneuvers while keeping computation time low.

6.3.1 Artificial potential field

Artificial Potential Fields in simple terms operate by generating attractive and
repulsive “forces fields” that operate on the ARW. Attractive forces propel the
ARW toward a goal, like a desired velocity or a goal position, while repulsive
forces are generated from environment information and repel the ARW away
from any detected obstacle within a volume surrounding the platform. Repulsive
forces can be calculated not only from a generated representation of the envi-
ronment (occupancy map or other methods approximating the general shape of
the local environment) but also directly from sensor data from onboard sensors
on the robot, which is a major attraction toward using the APF. Let us assume an
ARW equipped with a 3D LiDAR that can be utilized for both obstacle avoid-
ance and for position state estimation.

ARWs pose a set of unique challenges to obstacle avoidance algorithms,
such as high levels of reactiveness and low computations, being independent of
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mappers as to prevent collisions due to failures in other submodules (since for
ARWs, any environment interaction will likely lead to the end of the mission),
and that the generated commands do not induce oscillating or wobbling (“back-
and-forth”) behavior of the ARW.

This is achieved by choosing a potential function (or rather directly a force
field function) that is continuous and smooth in the area of influence of the po-
tential field, placing saturation limits on the repulsive forces and the change in
repulsive forces, and performing force-normalization, so as to always generate
forces of the same magnitude (which a reference-tracking controller then can be
optimally tuned to follow). Additionally, the resulting scheme is low computa-
tion and directly uses the pointcloud provided by onboard sensors.

Let us denote the local point cloud generated by a 3D LiDAR as {P },
where each point is described by a relative position to the LiDAR frame as
ρ = [ρx,ρy, ρz]. Let us also denote the repulsive force as Fr = [Fr,x,Fr,y,Fr,z],
the attractive force as Fa = [Fa,x,Fa,y,Fa,z], the radius of influence of the
potential field as rF . As we are only interested in points inside the radius of
influence, when considering the repulsive force, let us denote the list of such
points ρr ⊂ {P }, where || ρi

r ||≤ rF , i = 0,1, . . . ,Nρr (and as such Nρr is the
number of points to be considered for the repulsive force). Taking inspiration
from the classical repulsive force function proposed by Warren [6], the repul-
sive force can be described by:

Fr =
Nρr∑
i=0

L

(
1 − || ρi

r ||
rF

)2 −ρi
r

|| ρi
r || (6.1)

where L is the repulsive constant and represents the largest possible force-per-
point inside rF . We simply denote the attractive force as the next position way-
point wp = [wpx,wpy,wpz] generated by any higher-level navigation module
in the local body frame B, such that Fa = wpB − p̂B, with p here denoting the
current position-state of the robot. From an intuitive point of view, this can be
seen as the attractive force being the vector from the current position to the next
given waypoint with a unitary gain, while the repulsive force is the shift in the
next waypoint required to avoid obstacles. Generally, the attractive and repulsive
forces are summed to get the total resulting force F . But, since the requirement
of a stable and smooth flight is as high for an ARW as with multiple other
modules (localization, etc.) running from onboard sensors, we propose a force-
normalization and saturation on the repulsive force and change in the repulsive
force. Let k denote the current sampled time instant and (k − 1) the previous
sampled time instant, then:

F = Fk =|| Fa,k

|| Fa,k || + [Fr,(k−1)+
sgn(Fr,k − Fr,(k−1))�Fmax, sgn(Fr,k)Fmax,Fr,k]− ||
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FIGURE 6.2 Artificial Potential Field navigation around a simple obstacle. The ARW is given a
waypoint on the other side of the obstacle, and the avoidance algorithm continuously shifts way-
points as to provide an obstacle-free motion with a safe distance from the obstacle.

with Fmax and �Fmax being the saturation value and rate-saturation of the re-
pulsive force and sgn(Fr) denoting the sign of Fr . [a, b]− here denotes the
min(a,b) operator and for simplicity in notation, let us consider its output the
smallest-in-magnitude. The reference position, passed to the reference tracking
controller (in the Micro Aerial Vehicle (MAV) body frame), with included ob-
stacle avoidance, then becomes pBref = F + p̂B, where pBref are the first three
elements of xref.

Since this formulation does not rely on any detection or mapping layer and
can work with any position controller, it is very easy to evaluate in a realis-
tic fully autonomous operation. Fig. 6.2 shows the path of the ARW around a
simple obstacle in a laboratory environment, only relying on onboard sensors,
computation, and LiDAR-based state estimation. The generated path represents
a smooth and stable avoidance maneuver without excessive actuation.

6.3.2 Nonlinear MPC with integrated obstacle avoidance

We have already discussed nonlinear MPC in Chapter 4 as a nonlinear control
scheme for the ARW. In the following works [10–14], obstacle avoidance was
integrated directly in the control layer via constraints posed in the NMPC for-
mulation. The general method consists of constraining the available position
space for the ARW, and as such a nonlinear optimizer can be tasked with find-
ing the NMPC trajectory that tracks the reference optimally while also avoiding
obstacles. Using modern optimization software, NMPC formulations can allow
large enough prediction horizons as to functionally plan a path around obsta-
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cles, while maintaining low enough computation time to satisfy the run-time
requirements for control of an ARW.

As the name implies, any model predictive control scheme starts with a dy-
namic actuator model of the system (note: we are using the same simplified
ARW model presented in Chapter 3, Section 3.3.3 and cost function as previ-
ously discussed in Chapter 4, Section 4.6 on NMPC, and as such parts related to
the model and cost function are identical as for the pure controller case). The six
degrees of freedom (DoF) of ARW are defined by the set of equations (6.2). The
same model has been successfully used in previous works, such as in [10,12,14].

ṗ(t) = v(t) (6.2a)

v̇(t) = R(φ, θ)

⎡
⎢⎣ 0

0
Tref

⎤
⎥⎦ +

⎡
⎣ 0

0
−g

⎤
⎦ −

⎡
⎢⎣Ax 0 0

0 Ay 0
0 0 Az

⎤
⎥⎦v(t), (6.2b)

φ̇(t) = 1/τφ(Kφφref(t) − φ(t)), (6.2c)

θ̇ (t) = 1/τθ (Kθθref(t) − θ(t)), (6.2d)

where p = [px,py,pz]� is the position, v = [vx, vy, vz]� is the linear velocity
in the global frame of reference, and φ and θ ∈ [−π,π] are the roll and pitch an-
gles along the xW and yW axes, respectively. Moreover, R(φ(t), θ(t)) ∈ SO(3)

is a rotation matrix that describes the attitude in the Euler form, with φref ∈ R,
θref ∈R and Tref ≥ 0 to be the references in roll, pitch, and total mass-less thrust
generated by the four rotors, respectively. The above model assumes that the
acceleration depends only on the magnitude and angle of the thrust vector, pro-
duced by the motors, as well as the linear damping terms Ax,Ay,Az ∈ R and
the gravitational acceleration g.

The attitude terms are modeled as a first-order system between the attitude
(roll/pitch) and the references φref ∈ R, θref ∈ R, with gains Kφ,Kθ ∈ R and
time constants τφ, τθ ∈ R. The aforementioned terms model the closed-loop be-
havior of a low-level controller tracking φref and θref, which also implies that the
UAV is equipped with a lower-level attitude controller that takes thrust, roll, and
pitch commands and provides motor commands for the UAV, such as in [15].

Let the state vector be denoted by x = [p,v,φ, θ ]�, and the control action
as u = [T ,φref, θref]�. The system dynamics of the ARW is discretized with a
sampling time Ts using the forward Euler method to obtain

xk+1 = ζ(xk, uk). (6.3)

This discrete model is used as the prediction model of the NMPC. This predic-
tion is done with receding horizon, i.e., the prediction considers a set number
of steps into the future. We denote this as the prediction horizon, N ∈ N, of the
NMPC. In some applications, the control horizon is distinct from N , but in this
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chapter, we will only consider the case where they are the same, meaning both
control inputs and predicted states are computed in the same horizon without
loss of generality. By associating a cost to a configuration of states and inputs,
at the current time and in the prediction, a nonlinear optimizer can be tasked
with finding an optimal set of control actions, defined by the cost minimum of
this cost function.

Let xk+j |k denote the predicted state at time step k + j , produced at the time
step k. Also denote the control action as uk+j |k . Let the full vectors of predicted
states and inputs along N be denoted as xk = (xk+j |k)j and uk = (uk+j |k)j .
The controller aims to make the states reach the prescribed set points, while
delivering smooth control inputs. To that end, we formulate the following cost
function as:

J (xk,uk;uk−1|k) =
N∑

j=0

‖xref − xk+j |k‖2
Qx︸ ︷︷ ︸

State cost

+ ‖uref − uk+j |k‖2
Qu︸ ︷︷ ︸

Input cost

+‖uk+j |k − uk+j−1|k‖2
Q�u︸ ︷︷ ︸

Input change cost

, (6.4)

where Qx ∈R
8×8,Qu,Q�u ∈R

3×3 are symmetric positive definite weight ma-
trices for the states, inputs, and input rates, respectively. In (6.4), the first term
denotes the state cost, which penalizes deviating from a certain state reference
xref. The second term denotes the input cost that penalizes a deviation from the
steady-state input uref = [g,0,0], i.e., the inputs that describe hovering in place.
Finally, to enforce smooth control actions, the third term is added that penalizes
changes in successive inputs, the input change cost. It should be noted that for
the first time step in the prediction, this cost depends on the previous control ac-
tion uk−1|k = uk−1. In the aforementioned works, the method for constraining
position space is based on the [h]+ = max(0, h) function defined by

[h]+ =
{

0 if h ≤ 0

h otherwise.
(6.5)

We can choose h to represent an expression that describes the desired ob-
stacle geometry. The h+ output will then be zero outside the obstacle implying
that the constraint holds, and nonzero inside the obstacle, implying that the con-
straint is violated. Let us define p = [px,py,pz] as the position coordinates of
the ARW. For a circular obstacle, we can thus impose an equality constraint as

hcircle(p, ξ c) := [r2
c − (px−pc

x)
2 − (py−pc

y)
2]+ = 0, (6.6)

where ξ c = [pc
x,p

c
y, rc] define the x,y position coordinates of the center and the

radius of the obstacle. More precisely, in a realistic context, rc includes the ra-
dius of the obstacle, the radius of the ARW, and an additional safety distance
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FIGURE 6.3 Cost map of cylinder with radius 2 m.

as rc = robs + rarw + ds to ensure no collisions with the environment. To main-
tain the equality constraint as hcircle(p, ξ c) := 0 the position coordinates of the
ARW are required to lie outside the circle, both at the current time step and at
all predicted time steps within the prediction horizon.

We can visualize the obstacle in the form of a cost map, a 2D slice of the 3D
space where the new z-axis represents the cost related to violating the constraint
(the value of h at that point) as in Fig. 6.3.

We also directly apply constraints on the control inputs. As we are designing
the NMPC to be utilized on a real ARW, hard bounds must be posed on the
roll and pitch control references as the low-level attitude controller will only be
able to operate with the desired flight behavior within a certain range of angles.
Additionally, as the thrust of the ARW is limited, a similar hard bound must be
posed on the thrust values. As such, constraints on the control inputs are posed
as:

umin ≤ uk+j |k ≤ umax. (6.7)

Following the NMPC formulation, with model and cost function as previ-
ously described, the resulting NMPC problem becomes:

Minimize
uk,xk

J (xk,uk, uk−1|k) (6.8a)

s.t.: xk+j+1|k = ζ(xk+j |k, uk+j |k), j = 0, . . . ,N − 1, (6.8b)

umin ≤ uk+j |k ≤ umax, j = 0, . . . ,N, (6.8c)

hcircle(pk+j |k, ξ c
i ) = 0, j = 0, . . . ,N, i = 1, . . . ,Nc, (6.8d)

xk|k = x̂k, (6.8e)
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where Nc denotes the number of circular obstacles. Such a nonlinear paramet-
ric optimization problem can be solved by the Optimization Engine [16,17]
or OpEn for short using a penalty method [18] for dealing with the nonlinear
constraints. Start by performing a single-shooting of the cost function via the
decision variable z = uk and define Z by the input constraints defined in the
optimization problem above. We also define F to cast the circular equality con-
straints and f as the single-shooting of the cost function. Using a quadratic
penalty method in the Optimization Engine framework, the resulting optimiza-
tion becomes

Minimize
z∈Z

f (z) + q‖F(z)‖2, (6.9)

with q as a positive penalty parameter. The penalty method in simple terms
means re-solving the optimization problem with an increasing penalty parameter
using the previous solution as an initial guess. This gradually pushes the cost-
minima out of the obstacle until the trajectory is obstacle-free. A visualization
of the penalty method concept can be seen in Fig. 6.4, where, as the q increases
the trajectory moves out of the constrained position space represented by the
circle.

FIGURE 6.4 NMPC optimized trajectories with N = 40 using one to five penalty method itera-
tions for a circular obstacle with radius r = 0.3 m. The cost-minima is gradually pushed out as the
cost associated with violating the constraint is increased.

The above described method is applied in a simulation environment with
four circular obstacles in Fig. 6.5. The prediction horizon is set to 40, with
a sampling time of 0.05 s. The simulation is run in real time where only the
first entry of actuator-trajectory uk is applied to the ARW simulated system
and the trajectory is then re-calculated for a full real time reactive planning and
re-planning. The most major benefit of this methodology is the merging of the
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control system with local reactive planning in the form of the NMPC reference
tracking combined with obstacle avoidance constraints, while still operating
purely in the control layer and at a high run time frequency. Fig. 6.5 shows
the ARW navigating past the obstacles while precisely satisfying the obstacle
constraints, choosing the best local path to the references while maintaining a
safe distance to the obstacle.

FIGURE 6.5 ARW path through the constrained environment with circular obstacles using
NMPC-based combined control and obstacle avoidance.

Furthermore, more complex obstacles can be defined by taking the product
of multiple [h]+ terms, as based on (6.5) the product will be zero when any of
the terms are zero. For example, instead of as in (6.6) where we defined an area
the ARW should not go into, we can define a constrained entrance or “hoop”
as the only allowed space for the ARW to navigate through in the y-z-plane by
three terms, as:

hentrance(p, ξ e) := [−(r2
e − (py−pe

y)
2 − (pz−pe

z)
2)]+ (6.10)

[px − pw
x ]+[−(px − pw

x ) + de]+ = 0, (6.11)

with ξ e = [re,p
e
y,p

e
z,p

w
x , de] representing the radius of the entrance, the y,z-

position of the entrance, the x-position of the corresponding wall with the en-
trance, and lastly the depth of the entrance (here as the width of the wall). It
should be noted that this is simply an additional example of how obstacles can
be constructed, and how freely the optimization framework allows the definition
of obstacles. This type of obstacle was also evaluated in a simulation environ-
ment in Fig. 6.6, where the ARW is tasked to move to the other side of the
wall and correctly moves through the constrained entrances. This is, in general,
a difficult navigation problem to handle (moving through very tight entrances),
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but due to the local planning capabilities and precise constraint definitions, the
NMPC-based navigation can easily compute obstacle-free trajectories in real
time.

FIGURE 6.6 ARW path through the constrained environment with two constrained entrances us-
ing NMPC-based combined control and obstacle avoidance. The ARW correctly moves through the
constrained entrance on both passes through the environment.

Another perfect fit for NMPC-based obstacle avoidance is the consideration
of dynamic, or moving, obstacles. In [12], a trajectory classification and predic-
tion scheme is combined with the same optimization framework as discussed
above to create an obstacle avoidance scheme capable of dealing with moving
obstacles. This addition comes very naturally to the NMPC formulation, as con-
straints in (6.6)–(6.10) are already solved for so that to satisfy the constraint
along the full prediction horizon of the NMPC. Here, we consider only a spher-
ical obstacle, representing some general obstacle moving or falling toward or
being thrown at, the ARW as:

hsphere(p, ξ s) := [r2
s − (px−ps

x)
2 − (py−ps

y)
2 − (pz−ps

z)
2]+ = 0, (6.12)

with ξ s = [ps
x,p

s
y,p

s
z, rs] representing the x,y,z-position and radius of the ob-

stacle. The main difference is providing not just the initial positions of the
obstacle (ξ s = [ps

x,p
s
y,p

s
z, rs], etc.) but just as the NMPC predicts future states

of the ARW as xk = (xk+j |k)j , we provide as input to the NMPC the full vec-
tor of discrete predicted obstacle positions, e.g., as ξ s

k = (ξk+j |k)j with the
same sampling time as the NMPC as to match each predicted state with a
predicted obstacle position. This requires some mathematical model to predict
future obstacle positions, for example, a spherical obstacle falling or thrown at
the ARW follows the general projectile motion equations, with obstacle states
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xs = [ps
x,p

s
y,p

s
z, v

s
x, v

s
y, v

s
z], as

ṗs(t) = vs(t), (6.13a)

v̇s(t) =
⎡
⎣ 0

0
−g

⎤
⎦ −

⎡
⎢⎣Bx 0 0

0 By 0
0 0 Bz

⎤
⎥⎦vs(t), (6.13b)

with B as linear aerodynamic drag coefficients. Discretizing this model, we
can predict any xs

k+j |k from an initial measurement of velocity and position to
form ξ s. The only real difference between this and the static obstacles from the
optimization point of view, is that there is now a different obstacle position asso-
ciated with the obstacle constraint at each predicted time step. This method was
evaluated in a laboratory environment with a micro-quadcopter and a motion-
capture system to track obstacle and ARW states. Fig. 6.7 shows an obstacle
thrown at the micro-quad, and the resulting avoidance maneuver. Due to the na-
ture of multiple moving parts, it is very hard to visualize the real performance of
the ARW in the figure format. As such in https://youtu.be/vO3xjvMMNJ4, we
demonstrate the dynamic obstacle NMPC (with an additional layer of trajectory
classification and prediction, see [12]) in multiple scenarios also showing how
the classic potential field and static obstacle NMPC are incapable of handling
the fast-moving obstacles. This can be attributed to the pro-active component
of NMPC-based obstacle avoidance. As the NMPC predicts future states within
the prediction horizon, the avoidance maneuver can start as soon as the pre-
dicted obstacle positions are within the prediction horizon, in this example two
seconds beforehand. The ARW-obstacle distances in the examples showcased in
the video results can be seen in Fig. 6.8 and as can be seen the dynamic obstacle
NMPC maintains the desired safety distances.

A natural continuation of this work is considered in [19], where instead of
trying to predict future obstacle positions, the obstacle avoidance integrated
NMPC considers an area densely occupied by multiple robotic agents that all
share their intended predicted motions via their computed NMPC trajectories.
In this situation, each ARW broadcasts its computed trajectory uk and estimated
state x̂ to all nearby agents, and as such instead of using a discrete prediction
model as in (6.13), we directly know the model-based trajectories of all agents
and can formulate the agent to agent collision avoidance problem accordingly.
This work also incorporates the consideration of when there are more nearby
obstacles/ARWs than obstacle constraints in the NMPC formulation, e.g., when
the number of agents Na − 1 > Nobs, and, in general, a method for reducing
computational complexity by obstacle prioritization. The presented obstacle
prioritization scheme is directly based on the shared motion intentions of the
aerial agents and is compactly summarized in Algorithm 1 with x̂

obs,i
k and uobs,i

k−1
denoting the state and shared trajectory of the ith non-ego agent, and the output
is (ξ

obs,i
prio,j )i,j , e.g., the trajectories and radii of the prioritized obstacles that are

the input parameters to the NMPC related to obstacle avoidance.
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FIGURE 6.7 ARW avoidance maneuver and the path of an obstacle thrown at the AWR.

FIGURE 6.8 Distances between the obstacle and the ARW from video results of dynamic obstacle
avoidance and comparisons (top). Without obstacle prediction the schemes fail, while the dynamic
obstacle NMPC handles multiple moving obstacles without collisions.

This scheme was extensively evaluated in dense aerial swarms for up to ten
aerial agents in a laboratory environment, with a high-level description and ex-
periment video provided at https://www.youtube.com/watch?v=3kyiL6MZaag,
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Algorithm 1: Obstacle prioritization.

1 Inputs: x̂k,uk−1, x̂
obs,i
k ,uobs,i

k−1 ,Na,Nobs, r
obs, ds

Result: From the shared trajectories and measured states, decide which
Nobs agents should be considered as obstacles

2 for i = 1,Na − 1 do
3 for j = 0,N do
4 Compute pk−1+j |k−1, p

obs,i
k−1+j |k−1 and v

obs,i
k−1+j |k−1

5 d ← ‖pk−1+j |k−1 − p
obs,i
k−1+j |k−1‖

6 vm ← ‖vobs,i
k−1+j |k−1‖

7 if (d ≤ robs,i ) and (j = 0) then
8 wi ← wi + M

9 else if d ≤ robs,i + ds then
10 wi ← wi + (1 − d

robs+ds
)2vm

N
(j+1)a

11 end
12 end
13 end

14 Sort in descending order: (ξ
obs,i
j )i,j by corresponding element in wi

15 (ξ
obs,i
prio,j )i,j ← [(ξobs,1

j )j , (ξ
obs,2
j )j , . . . , (ξ

obs,Nobs
j )j ]

16 Output: (ξ
obs,i
prio,j )i,j

while Fig. 6.9 shows examples of generated trajectories, and Fig. 6.10 again
presents the key parameter in an evaluation of obstacle avoidance: that being
the minimum distance to any obstacle, in this case, the minimum agent-agent
distance throughout the evaluation, here considering an obstacle radius of 0.4 m
while the safety-critical distance, was around 0.3 m.

6.4 Global path planners

6.4.1 Map-based planning with D∗+
Probably the most commonly used group of global path planners are grid-
based planners such as A∗ [20] or D∗. These planners operate on a map that
is constructed as a grid (G) that is described by volumes (V ) containing the in-
formation whether that particular volume is free (Vf ) or occupied (Vo). Such
volumetric representations of the map space are commonly known as voxels
(volumetric pixels). In the literature there exists multiple mapping algorithms
that can construct such Occupancy Maps from onboard sensors, one example
being OctoMaps [21]. By assigning an entry cost to each voxel corresponding
to if it is free e = 1 ⇐⇒ Vf or occupied e = ∞ ⇐⇒ Vo so that travers-

ing from one V to its neighbor V ′ is C(V,V ′) = eV ′ or C(V,V ′) =
√

2e2
V ′
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FIGURE 6.9 Showing distributed NMPC trajectories in two experimental evaluations: (top) each
agent moves one-by-one and (bottom) all agents move at once.

FIGURE 6.10 The minimum agent-agent distances throughout the experiments presented in [19].
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if V ′ is diagonal to V . A path (P ) between two points consists of a chain
of V to V ′ transitions and thus the cost of traversing P can be calculated by
(C(Pp→w) = ∑∀C(V,V ′) ∈ Pp→w. D∗ planners find the P with the smallest
cost C(P ) and thus that is the shortest path between two points in the grid map
G. In Fig. 6.11, a 2D case of a D∗ path planning is shown. Note how the path
touches the corners of the occupied voxels. This is a common problem for grid-
based planners as they do not take the size of robot into account when planning
the path.

FIGURE 6.11 D∗ lite plans a path from the green (light gray in print) circle to the red (dark gray)
circle in the free white spaces. The path planed is the shortest path, but it has no marginal to the
black occupied spaces.

To deal with the corner touches, a risk layer is added to G; for V close to Vf ,
an e is added so that eVo > er > eVf

. This creates a layer of higher-cost paths
close to obstacles, thus creating a cheaper path further out from the occupied
spaces. While longer, this path can now compensate for the size of the ARW
and can in general compensate for risks associated with moving close to an
obstacle. Fig. 6.12 depicts the outcome of the risk-aware planned path from the
described methodology.

Another challenge with the D∗ family of path planners is the dependency
on well-defined maps. More specifically, holes in a wall cased by poor sensor
information can cause a path like the blue path in Fig. 6.13. By adding a repre-
sentation of unknown voxels Vu to G with its one eVu so that eVo > eVu > eVf

,
this issue can be addressed. A path planner with both the representation of Vu

and er is D∗+. D∗+ is built from a D∗ lite library [22] and can handle both 2D and
3D path planning.

D∗+1 have been tested during some real-life experiments where a reliable
ability to plan a safe path in challenging environments has been shown. In
Fig. 6.14, a path was planned and safely followed by a drone, although G had

1 https://github.com/LTU-RAI/Dsp.
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FIGURE 6.12 An illustration of how D∗+ plans a path from the blue (black in print) to the red
(gray) ball with regards to the risk layer, red (dark gray) voxels is higher risk, green (light gray)
voxels is lower risk, and the black voxels are occupied.

FIGURE 6.13 The difference between planning with (red (upper) path) and without representation
of Vu (blue (lower) path).

some imperfections due to the narrow environment. In another experiment, the
drone was tasked to go to the opposite side of a pillar-obstacle in an open space
and then back to the starting position. In this case, D∗+ successfully plans a path
around the pillar with suitable safety marginal without taking a longer path than
necessary (e.g. the shortest safe path), see Fig. 6.15.
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FIGURE 6.14 D∗+ planner plans a path from beyond the line of sight along the green (light gray
in print) line.

FIGURE 6.15 D∗+ planner plans a path (green (light gray in print) line) around the pillar with a
suitable safety marginal. The drones position is visualized with a red (dark gray) dot.

6.4.2 Coverage path planner

Coverage path planning (CPP) is a branch of robotic motion planning that refers
to the task of planning an inspection path while avoiding obstacles and ensuring
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complete coverage of the required volume or area of interest. Coverage planning
can be classified as off-line or as an online approach. In an off-line approach,
full a-priori knowledge of the operating environment, geometric information
of the structure being inspected, and knowledge of obstacles is known while
in an online version, information from onboard sensors is utilized to perform
coverage tasks in real-time. Toward the task of autonomous inspection of re-
mote infrastructures, the work presented in [23] details a coverage approach in
which multiple ARWs behave cooperatively, utilizing their onboard sensors and
computational resources to fulfill the task of visual inspection of a remote wind
turbine.

6.4.2.1 Cooperative coverage path planner
Given a point cloud model representation of the infrastructure S(x,y,z) ⊂ R

3,
based on the vertical camera footprint distance �λ ∈R from the distance � ∈R

from the surface of the structure, a set of points P(x,y,z) ⊂ R
3 lying on the point

of intersection of the horizontally sliced interval of planes λi ∈ R with i ∈ N

and the structure can be obtained. Applying graph theory methodology for clus-
tering [24], more specifically using k − means method [25], m clusters can be
extracted ∀ λ. After adding an offset distance to the clusters, for a two agent
inspection scenario, the path is assigned with the two agents maintaining 180◦
difference. Fig. 6.16 presents an indoor scenario of coverage planning using
cooperative aerial vehicles. The point cloud representation of the target struc-
ture taken by onboard sensors during the mission is given on the right. The
trajectories followed by the respective vehicles during the inspection mission
is presented in Fig. 6.17. A more comprehensive information on the methodol-
ogy is presented in the corresponding chapter for aerial infrastructure inspection
(Chapter 11).

FIGURE 6.16 On the left is the simple indoor structure to be reconstructed and on the right the
cooperative pointcloud of the structure.
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FIGURE 6.17 Trajectories that are followed in indoor experiment.

6.4.2.2 Landmark-based path planner
A landmark represents a point or a small area of interest within the surface of an
object to inspect. Let li ∈L⊂ R

3, i = 1,2, . . . ,N where N ∈N be the candidate
landmark positions on the object surface. The set of landmarks offers an abstract
and approximate representation of the external surface of a body. The higher the
number of landmarks, the higher is the approximation accuracy. A landmark set
representation of the surface of a 3D structure can be obtained, for example,
from a point cloud or from a 3D model, using opportune sampling algorithms.

Let X ⊂ R
n represent the n-dimensional region, which is sufficient to find

the path for the ARW in the proximity of an object. The initial state of the
ARW is denoted as x0 = [r0

s , ṙ0
s ]� ∈ X, while xi

d = [ri
s , ṙ

i
s ]� ∈ Xd ⊂ X is the

desired set of target states of the ARW to observe the respective ith landmark.
This target state xi

d is defined by the position ri
s ∈ R

3 along the surface normal
vector pi at a distance of rg ∈ R from the object’s surface, and ṙ i

s ∈ R
3 is the

velocity of the ARW. Finally, we denote the ARW trajectory by x(t) ∈ X and
the associated control trajectory, whereU is the feasible range of control inputs,
by uc(t) ∈U ⊂ R

3.
The optimal trajectory planning problem can be defined as to design an opti-

mal trajectory denoted by x∗(t) ∈X, from the ARW’s initial state, to observe all
the desired N landmarks under proper visual conditions. Let the ARW’s observ-
ing sequence be defined as Q = (q0, q1, . . . , qN), where each element qk ∈ Z

+
denotes the index of the desired ARW position at the kth sequence in the tour.
The tour always starts from the ARW’s initial position (q0 = 0 =⇒ x0), while
passing through the permutation of the remaining N target states. Hence, the
problem is to determine the optimal sequence of the sites to be observed and the
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associated trajectories for the visual coverage scenario, which will result in ob-
serving all the desired landmarks under a proper illumination condition, while
minimizing the total consumption of ARW’s resources or the total distance cov-
ered. Moreover, during the entire experiment, it is also required that the ARW is
maintained between some maximum and minimum distances from the object’s
surface. These bounds are denoted as rmax ∈ R and rmin ∈ R, respectively, so
that the ARW does not crash into the object or move far away from the ob-
ject to avoid poor coverage quality. This inspection problem can be defined as
follows:

min
uk

c(t),Q

N∑
k=1

∫ td,k

td,k−1

‖uk
c(t)‖2dt

︸ ︷︷ ︸
total control cost

(6.14a)

s.t.: Q = (q0, q1, . . . , qN) (6.14b)

x(t0) = x0, where, t0 = epoch, x0 ∈X (6.14c)

ẋ(t) = f (x(t), uc(t), t) (6.14d)

rmin ≤ ||rs(t)|| ≤ rmax (6.14e)

uk
c(t) ∈U, ∀k = 1, . . . ,N (6.14f)

In (6.14), k represents the observation order of the landmarks, while the vector
Q represents the ARW’s observing sequence. During the kth observation se-
quence, the variables qk and td,k denote the index of the candidate landmark that
is being observed and the ARW’s departure time from the kth viewing location.
The notation uk

c denotes the control input required to observe a certain landmark
during the kth observation sequence. The main objective of this cost function is
to reduce the control cost required, while observing all sites represented by
(6.14a). In addition, the total distance covered by the ARW can also be added
to this objective function. The constraints on the ARW states are formulated
through Eqs. (6.14c), (6.14d), and (6.14e) depending on the ARW’s initial posi-
tion, nonlinear dynamics, and the position maintained within the safety bounds
to avoid any collision, respectively. The feasible range of the control inputs are
maintained through (6.14f).

Thus, for the inspection task case of observing landmarks, the problem is to
determine the optimal sequence and the associated ARW trajectories to observe
each landmark under proper illumination conditions. This problem is very com-
plicated to solve as it addresses the nonlinear optimization with the continuous
and integer design variables, hence, falling under the mixed integer nonlinear
programming category. For such problems meta-heuristic algorithms, such as
genetic algorithms, particle swarm optimization, or tabu-search algorithm, etc.,
can be used.
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6.4.3 Effective heading regulation

In certain situations, simple algorithmic regulation techniques can stand in for
both planning and exploration behavior. An example of this is the heading
regulation methods presented in [4,9,26] in the context of subterranean tunnel
navigation. These schemes utilize the geometric shape or low-light conditions
of an underground tunnel to align the body x-axis of the ARW with the tun-
nel axis. The ARW can then be commanded to move forward along its body
x-axis while the heading regulation technique continuously aligns it with the
tunnel, while a local obstacle avoidance scheme maintains a safe distance from
obstacles and walls. In general, these methods fall apart when the environment
changes into something that is not a tunnel, and there is no concept of optimal-
ity or “shortest distance” to get somewhere. But, in the specific environment,
they were designed for, the simple algorithmic implementations can stand in
for both map-based path planning and exploration behavior while being signif-
icantly less computationally heavy, completely reactive, and most importantly
do not rely on an occupancy-map representation of the environment as shown
in Fig. 6.18, constituting them a fundamental component for the autonomy of
resource constrained aerial platforms.

FIGURE 6.18 Heading regulation using either range (R) or visual data (I) or visual depth data
(D). The dashed lines denote the sensor data from the MAV, while the solid line denotes the yaw
rate command (ψ̇) provided to the MAV.

This decouples the navigation and mapping problems completely (and in
a sense, the navigation problem and the estimation of position states as well),
which is a major focus for this type of navigation scheme. This Chapter presents
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three methods for effective heading regulation: a) using 2D LiDAR measure-
ments to approximate the geometry (and as such the direction) of the tunnel, b)
using an RGB camera to track the “darkest area” in the tunnel through contour
detection, using the combination of the lack of natural illumination in the tunnel
with onboard lights under the assumption that the direction of the tunnel follows
the darkest area, and c) using a depth-camera to align the heading with the deep-
est area in the tunnel by clustering points of similar depth and heading towards
the deepest cluster. The remaining parts of this section provide a description of
the different heading regulation methods.

6.4.3.1 LiDAR-based heading regulation
Initially, three range measurements ri from 2D LiDAR ranges R = {ri |ri ∈
R+, i ∈ Z ∩ [−π,π]} are measured for the right dr , center dc, and left dl dis-
tances. The �dc has a direction toward the x-axis of the body frame (θgeom,c = 0),
�dr and �dl are right and left vectors with a constant value of θgeom,r ∈ [0, π/2],
and θgeom,l ∈ [−π/2,0] from the x-axis of the body frame, respectively. The val-
ues of the θgeom,r and θgeom,l are symmetric and depend on the design choices,
and for clarity it is called θgeom. The resultant distance vector of dr , dc, and dl

is calculated as:

�dsum = �dr + �dc + �dl (6.15)

Based on the direction of the �dsum, the heading can be obtained. However,
achieving accurate heading especially for low-cost navigation systems is not
always possible. Furthermore, most of the methods rely on information from
a magnetometer and gyrocompass, multi-antenna Global Navigation Satellite
Systems (GNSSs), or position information of the platform [27]. Nonetheless,
magnetometer is not reliable especially in underground mines, and GNSS is not
available for underground areas. Thus, in the proposed method, the obtained
heading is converted to a heading rate by dividing the ∠ �dsum by θgeom as shown
in (6.16). The ψ̇ is bounded between −1 and 1, e.g., dr = 0, dl = 0, and dc > 0
that results in ψ̇ = 0 rad/sec, dc = 0, dl = 0, dr > 0 results in ψ̇ = −1 rad/sec,
and dr = 0, dc = 0, and dl > 0 result in ψ̇ = 1 rad/sec. However, a larger value
of θgeom can be selected to have slower heading rate commands.

ψ̇ = ∠ �dsum

θgeom

(6.16)

It should be highlighted that in order to avoid disturbances in the range mea-
surements, the array of ranges can be used for �dc, �dr , and �dl . Algorithm 2
provides a brief overview while the following part provides the outlook of
the vector geometry based approach for generating heading rate commands,
while the θgeom = π/3, the array of ranges from [−π/4,π/4], [π/4,π/2], and
[−π/2,π/4] are considered for �dc, �dr , and �dl , respectively.
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Algorithm 2: Heading rate based on 2D lidar.

1 Inputs: R

Result: Calculate heading rate command based on 2D lidar
measurements

2 �dc = ∑π/4
i=−π/4 ri[cos θi, sin θi]�

3 �dr = ∑π/2
i=π/4 ri[cos θi, sin θi]�

4 �dl = ∑−π/4
i=−π/2 ri[cos θi, sin θi]� //obtaining �dc, �dr , and �dl for arrays of

ranges
5 �dsum = �dr + �dc + �dl

6 ψ̇r = ∠ �dsum

θgeom
, θgeom = π/3

7 Output: ψ̇

6.4.3.2 The weighted arithmetic mean
In the weighted arithmetic mean [28], the range value for each angle is used as a
weight for the corresponding angle. The weighted arithmetic mean is calculated
as:

ψk =
∑

i ri,kξi∑
i ri,k

(6.17)

where i ∈ [imin, imax] is the set of beam angle indexes, and ri is the range
measurement for each corresponding angle ξ of 2D lidar rotation. ξmin and ξmax

define a range of angles, and there are angles for y+ and y− axes in the body
frame; thus the range measurements from y− axis up to y+ based on the right
hand rule are used. However, this result is noisy and subject to spurious changes
in the environment. For improving this, the integrated z-axis of the gyro in the
Inertial Measurement Unit (IMU) is used as a prior using a complementary filter
as follows.

Initially, the heading is integrated from the z-axis angular rate ωz,k to predict
the movement as:

ψ̂k|k−1 = ψ̂k−1|k−1 + ωz,kTs, (6.18)

which in the sequel is corrected using the estimated angle from the 2D lidar:

ψ̂k|k = βψ̂k|k−1 − (1 − β)ψk, (6.19)

where β ∈ (0, 1) is a classic complementary filter, which was chosen due to
its simplicity in tuning for generating robust results. It should be also noted the
negation in the second term, −(1 − β)ψk , that is generated from the fact that
the measured free space always rotates with the inverted angular rates relative
to the MAV.
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The obtained heading angle is fed to the low level proportional controller
with gain of kp > 0 to always have the MAV point toward the open space:

ψ̇r = −kpψ̂k|k. (6.20)

6.4.3.3 Darkest contour heading regulation
This heading regulation method relies on the color camera image processing in
low illuminated areas. The input to the algorithm is an image I from the on-
board camera. It is considered that the images are composed by a set of physical
objects (walls, pipes, lights, etc.), as well as a background. The first step deals
with the separation of such physical objects from the background, which is done
by finding a threshold that separates the data and uses that threshold to create a
binary image [29].

The threshold t partitions the pixels of the image based on their intensity
into two classes: 1) T1 = {0,1, ..., t}, which represents the background class
and 2) T2 = {t + 1, t + 2, ...,L − 1}, which represents the foreground class
where L the number of gray levels of the image. The threshold value t is found
by maximizing the measure of class separability:

S(t) = σ 2
Between(t)

σ 2
T otal

(6.21)

where σ 2
T otal is the total variance of the histogram, and σ 2

Between(t) is the vari-
ance between the two classes.

The optimal threshold t∗ is computed as:

t∗ = argmax
t

S(t) (6.22)

After the calculation of the threshold value, the image is converted to binary,
and the binary image is used to find the largest set of connected background
pixels. Tracing the contour of the background is performed using the Moore-
Neighborhood tracing method [30].

Let p(xk, zl) be the pixel related to the image IN×M , and k ∈ [0, n] ∩ Z,
l ∈ [0,m] ∩ Z are position in the image with N × M pixels resolution. Then the
Moore-Neighborhood M(p(xk, zl)) is the set of all pixels that share a vertex or
an edge with p(xk, zl) as follows:

M(p(xk, zl)) = {p(x, y) : x = xk + k, z = zl + l,K = {−1,0,1},
l = {−1,0,1}, (k, l) �= (0,0)} (6.23)

After the contour of each binary object has been computed, the object with
maximum area is selected, and the centroid of the bounding box for this ob-
ject is calculated and returned as the heading point coordinates. The method is
described in Algorithm 3.
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Algorithm 3: Centroid extraction using Darkness Contours.

1 Input: RGB image acquired by the forward looking camera.
Start;

• Step 1. Convert the RGB image to binary image using Otsu’s threshold.
• Step 2. Extract contour of background objects using Moore-

Neighborhood tracing algorithm.
• Step 3. Identify the darkness in the tunnel as the background object with

largest area.
• Step 4. Compute a bounding rectangle for this area and return the

centroid of the rectangle (sx, sy).
End

– Output: Pixel coordinates of the heading point (sx, sy).

Fig. 6.19 presents snapshots of the method evaluated in experimental runs
for autonomous navigation of an aerial platform in an underground tunnel us-
ing color camera for the heading alignment. Figures from a) to c) depict the
common output of the method in cases where the deepest part of the tunnel is
distinctively recognized, while from d) to f) depict more challenging situations,
where the illumination, dust or motion blur affect the outcome, thus without
jeopardizing the stability of the mission. The method cannot provide results in
well-illuminated areas.

FIGURE 6.19 Extracted centroid in color images for tunnel following heading regulation. The
contours denote the identified deepest areas of the tunnel.

6.4.3.4 Deepest point heading regulation
This method considers the processing of depth images. Initially, the depth im-
ages are pre-filtered using a gray scale morphological close operation [31]
to remove noise and enhance the tunnel opening information in the depth
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frame. The filtered depth images are then processed with a clustering algo-
rithm to identify regions of common depth and essentially extract the region
that captures the deepest part of the tunnel. The clustering algorithm consid-
ered in this method is k-means, which extracts a fixed number of clusters
Ci, [i = 1,2,3, . . . ,Nclusters], where the Nclusters = 10 value has been selected
based on the tunnel environment morphology. The number of clusters is a criti-
cal parameter and should be selected according to the geometry and morphology
of the subterranean area. Once the clusters are calculated, each cluster region is
evaluated based on their intensity to select the cluster with the maximum in-
tensity, since the method relies on this assumption for segmenting the depth of
the tunnel. The x-axis pixel coordinate of the cluster centroid is calculated as
sx = 1

|Cm|
∑

(x,y)∈Cm
x, where |Cm| represents the number of pixels.

Fig. 6.20 shows an application of such a navigation technique in a real sub-
terranean tunnel area, where the Deepest-Point technique aligns the ARW with
the tunnel direction, and the Artificial Potential Field presented in Section 6.3.1
keeps the ARW in the middle of the tunnel. The result is a completely reac-
tive navigation (e.g., not based on a map of the environment) architecture for an
unknown environment.

FIGURE 6.20 Exploration and Navigation through a curving subterranean tunnel environment
using a combination of Heading Regulation and Artificial Potential Fields. The green (gray in print)
line is the resulting exploration path of the ARW.

6.4.3.5 Centroid to heading rate command mapping
Methods presented in Sections 6.4.3.3 and 6.4.3.4 are used for regulating the
heading of the aerial platform with the tunnel axis. These methods extract cen-
troid coordinates and require an additional processing step to converted them to
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heading rate command ψ̇d . In this case, the x-axis coordinate is only considered.
Initially, the pixel coordinate sx is normalized to [0,1] using the normalization
parameter α equal to the width of the image. The second step considers the gen-
eration of the yaw rate command in the interval [ψ̇d,min, ψ̇d,max] through the
parameter β since the selection of β defines the yaw rate limits. The overall
mapping scheme is described in Algorithm 4 as follows.

Algorithm 4: Heading rate based on the centroid of the open space.

1 Input: RGB image acquired by the forward looking camera.
– Input: Centroid of the heading point (sx)

Start;
• Step 1. Linear mapping sx → [0,1] ;sx = sx

α
, sx ∈ [0,1]

• Step 2. Linear mapping sx → [ψ̇d,min, ψ̇d,max] rad/sec
ψ̇d = sx−0.5

β
End

– Output: Heading rate correction ψ̇d .

6.5 Conclusion

This chapter has presented navigation schemes comprised of reactive local path
planners and map-based global path planners that are used for ARWs to au-
tonomously perform tasks safely and optimally.

For local reactive navigation, the chapter presented two different method-
ologies: the high-TRL and easily applicable Artificial Potential Field that can
directly work with raw sensor data, and the modern NMPC with integrated ob-
stacle avoidance that can account for moving obstacles and generates optimal
trajectories for proactive and efficient obstacle avoidance maneuvers. A global
risk-aware path planning framework was also presented in the D∗+ path plan-
ner, which uses an occupancy grid representation of its environment to find the
shortest path between any two points in a global map. The chapter has also
presented the idea of complete coverage path planning. The goal is to generate
a trajectory that completely inspects a piece of infrastructure, a very common
use-case of an ARW. The chapter was concluded by introducing of a series of
application-driven heading regulation techniques that simplify the path planning
problem for the use case of subterranean tunnel navigation utilizing the tunnel
morphology to generate exploratory behavior for the ARW.

Finally, to support the efficacy of the presented navigation schemes, nu-
merous application-orientated examples have also been showcased to provide
real-life examples utilizing these autonomy modules. Reliable navigation archi-
tectures are an enabling technology for any autonomous mission use-case for an
ARW, as being able to plan a safe path through its environment, avoid any ob-
stacles encountered along the way, and fulfill mission criteria such as inspection
coverage, are absolute necessities for real-life applications of fully autonomous
operations of ARWs.
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Exploration with ARWs
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7.1 Introduction

The continuous development of robotic technologies is constantly increasing the
number of real-life and mission-oriented deployments in a variety of environ-
ments with different complexity and time-varying characteristics. Among the
latest major trends in the robotics community, the focus is on demonstrating re-
silient and robust autonomy in large-scale subterranean (Sub-T) environments,
for example, the case of the DARPA Sub-T competition [1]. In such applica-
tions, one of the main challenges and real requirements for the robotic autonomy
frameworks is the ability to ensure safe and robust navigation of the robotic
platforms while operating in a-priori known, spatially, or completely unknown
environments. Except the fundamental problem of localization, the problem of
navigation in these environments and the planning of safe and optimal trajecto-
ries for reaching goal points in a 3D space have been in the focus of robotics
research for many decades [2,3].

The representation of the real world in a 3D map form is an important aspect
of path planning, while a common approach to generating these maps is to store
geometric properties of the environment in a form of a 3D point cloud. However,
with the dynamically increasing size of the environment, its representation with
a point cloud becomes computationally expensive and not memory efficient due
to data redundancy, which makes the overall approach unfeasible to be utilized
in large-scale scenarios [4]. Furthermore, point clouds do not provide differ-
entiation between free and occupied spaces, thus is very common in robotics
to represent an arbitrary environment in various approaches, such as the Oc-
toMap [5], the Elevation map [6], the Signed Distance Field (SDF) map [7], and
the multi-level surface map [8]. From all these approaches, the OctoMap frame-
work has become one of the most frequently utilized occupancy grid generators,
which is based on octotrees [9] and provides the capability to dynamically adapt
the map to be efficiently used in path planning.

From a path planning perspective, the most classical approaches with re-
planning capabilities in dynamic environments are the D∗ Lite [10], the Field
D∗ [11], and the Theta∗ [12]. These algorithms are capable of fast re-planning
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based on the local information and can identify situations when the path is
blocked. For these cases, these algorithms store the computed path after the
obstacle and try to find the new path, which can lead either to he stored path af-
ter the obstacle or to the goal if a shorter path exists. However, these algorithms
need to be extended for a full operation in 3D environments and especially inte-
grated into more generic and combined exploration frameworks. Related works
like [13], [14], and [15] extended these three algorithms to be applied in the
case of 3D environments; however, none of them was tested in dynamically ex-
panded 3D environments and at a large scale, while with the term large scale,
we consider situations where the local surroundings environmental perception
is multiple and sequentially expanded, for example, the case of a robot equipped
with a 3D laser scanner and the merging of a progressive 3D dense point cloud
registrations during the advancement of the exploration task.

To evaluate the performance of the path planning algorithms and in realistic
scenarios, there is a need to integrate this with related 3D mapping frameworks
like [5–8] that are capable of handling dynamic map updates. For example,
in [16], the authors introduced a heuristic angular search method that utilizes a
direct way-point search method on the global map, which is created by stream-
ing the point cloud of obstacles from onboard sensors to OctoMap framework.
In [17], the authors proposed a perception-aware trajectory re-planning method
for ARW, which uses a gradient-based approach for re-planning and is inte-
grated with a volumetric mapping framework. In [18], an online path planning
method for autonomous underwater vehicles has been presented. In their ap-
proach, the transition-based RRT method was used to obtain the path, while
the volumetric representation of the environment was modeled by means of an
OctoMap framework. In [19], the frontier cell-based exploration was integrated
with the Lazy Theta∗ path planning algorithm and adopted to OctoMap, which
was built on the point cloud raw data. However, there was no performance eval-
uation of the algorithm throughout a mission with the increasing amount of
information, while they considered a very limited small 3D world.

On the basis of the state-of-the-art literature, this chapter proposes first
an integrated exploration and path planning framework, suitably configured
for real-time implementations for expanding large-scale maps. The presented
scheme is demonstrated in an expanding map handling scenario under contin-
uous obstacle-free path planning. Then we introduce a full 3D D∗ algorithm
suitable for path planning over Octomaps and propose an algorithmic revision
of generated Octomaps that is able to handle false opening/holes in the consid-
ered map expansions. We also evaluate the overall algorithmic enhancements
of the combined frontier exploration and D∗ path planning regarding the com-
putational efficiency, the updating rates and the overall update time in a large-
scale online navigation simulated scenario. Secondly, this chapter introduces
the Exploration Rapidly Exploring Random Tree (ERRT)-based methodology
for exploration of the unknown environment. Unlike the frontier-based method,
ERRT uses sampling-based exploration approach. Each pseudo-random goal
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is computed while subject to minimizing actuation effort and maximizing the
information gained to continue the exploration efficiently. The details of this
approach will be explained briefly, along with an example in Section 7.3.2.

7.2 The overall framework for exploration and path planning

An overview of the proposed framework and its architecture is shown in Fig. 7.1,
where the combined exploration and path planning framework has as a baseline
a robotic platform equipped with a sensor that provides ranging measurements
of the environment in the form of 3D point cloud. As will be demonstrated
below, the point cloud is stored in a volumetric form utilizing the OctoMap
mapping framework [5]. It builds and maintains the global representation of the
environment and provides OctoMap updates O to an occupancy grid that creates
the 3D occupancy grid G, which is essential for path planning and re-planning
in a dynamically expanding environment. In the sequel, the D∗ lite algorithm
computes the path based on the Occupancy grid updates G, while receiving
information about the current position p(x, y, z) from the robot and the next
position or way-point w(x,y, z) from the frontiers exploration algorithm [20].
On the basis of this information, the D∗ lite computes the path Pp→w, which
afterward is provided to a nonlinear model predictive controller [21] to move
the robot to the next desired way-point. The overall system design has a mod-
ular structure that can be linked with any ARW and software packages based
on Robot Operating System (ROS) [22], and it can provide the current posi-
tion p of a robot, the next way-point w(x,y, z), and the volumetric occupancy
information.

FIGURE 7.1 Software architecture.

7.2.1 Environment representation

To generate a global map of the surrounding environment from an instantaneous
3D point cloud, the OctoMap framework [5] has been utilized providing the
Octomap O as depicted in Fig. 7.2. O is built from voxels v(x, y, z) with center
coordinates at x, y, z and rib length l, while each voxel can be either occupied
or free and is denoted by vo and vf , respectively. Additionally, O contains the
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map dimensions and the overall resolution information needed to reconstruct
the environment to be explored.

FIGURE 7.2 A schematic view of one layer of the 3D OctoMap O, with hidden layers in front or
behind the visualized layer. In this example, the map size is 3 × 3, while here, only a 2D projection
is visualized. At the same time, each of the squares represents a voxel v and with the corresponding
voxel’s value to represent the entrance cost e, 1 for free space and ∞ for the occupied space. The
robot’s current position p and the next way-point w in this representation are the hiding voxels
entrance cost from this view.

The OctoMap updates are used to build the 3D occupancy grid G, where
∀v ∈ O : ∃v ∈ G, with an entry-cost e = ∞ ⇐⇒ vo and e = 1 ⇐⇒ vf , for
path planning. In this approach, the grid G is connected in such a way that
the movement cost from any given v to its neighbor v′ (diagonal included) is
C(v, v′) = ev′ . In Algorithms 1–3, the steps required to transform the OctoMap
O to 3D grid G are shown.

The creation of a 3D occupancy grid G is presented in Algorithm 2. This is a
slow and time-consuming process, and it is desirable to update it with new infor-
mation instead of recreating it as often as possible. Updates of the 3D occupancy
grid G are carried out by the proposed Algorithm 3, requiring the OctoMap O

has the constant dimensions.

Algorithm 1: Decide if G will be updated or recreated.

1 Input: New OctoMap nO

2 Old OctoMap lO

3 Output: 3D occupancy grid G

4 if size of nO == size of lO then
5 Algorithm 3 � If the same update existing G

6 else
7 Algorithm 2 � Else create a new G

To decide whether the 3D occupancy grid G can be updated or needs to
be recreated, Algorithm 1 is utilized. This algorithm checks if the incoming
OctoMap O size is the same as the last received OctoMap O. If the size is the
same, Algorithm 3 will be called to update the 3D occupancy grid G; otherwise,
Algorithm 2 will be called to create a new 3D occupancy grid G. The update

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



Exploration with ARWs Chapter | 7 113

Algorithm 3 is looping through the OctoMap to check which voxels v have
changed and then update those voxels in the 3D occupancy grid G. To create a
new 3D occupancy grid G, multiple conversion steps are needed. First, the map
is mapped to the array that is used to create the grid. Subsequently, the grid is
used as a base to create a connected 3D occupancy grid, which is the resulting
G on which path planning is performed.

Algorithm 2: Create 3D occupancy grid G.

1 Input: New OctoMap nO

2 Output: New 3D occupancy grid G

3 m ← new array[size of O : 1]
4 for each v in nO do
5 m[v(x, y, z)] ← ev

6 OctoGrid ← form m

7 � Connect and search the OctoGrid
8 G ← from OctoGrid

Algorithm 3: Update 3D occupancy grid G.

1 Input: New OctoMap nO

2 Old OctoMap lO

3 Output: Updated 3D occupancy grid G

4 for each nv in nO do
5 lv ← nv’s corresponding v ∈ lO

6 if env 
= elv then
7 � Update G’s corresponding v

8 G(nv(x, y, z)) ← env

7.2.2 Frontier based exploration

The fundamentals of frontier-based exploration technique were initially pub-
lished by Yamauchi [23]. In this approach, the sensor readings were obtained by
a laser-limited sonar. As a next step, a probability was assigned to each cell of
the created evidence grid. The ability to fuse information from multiple differ-
ent sensors in order to update the map is an advantage of using evidence grids.
The main challenge associated with sonar is degraded accuracy when a beam is
reflected from an uneven surface. Due to this uncertainty, the cell either seems
free, or if it is occupied, the cell is sensed to be further away from its actual
position. The standard evidence grid assumes that each sensor reading is inde-
pendent of every other sensor reading. Therefore, if the laser scanner reads the
distance of the obstacle to be less than that of sonar, they update the evidence
grid as if sonar had returned the value of laser scanner while marking the cell
returned by laser to be occupied. As a result, the evidence grid has fewer er-
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rors caused by specular reflections, and obstacles are also detected above and
below the plane of the laser scanner. Frontier detection is done by grouping and
labeling the cells based on their occupancy probabilities.

The only case where the occupancy probability will be equal is when the
occupancy information about the particular node has not been updated or reg-
istered with the sensor data in the octree. The process of defining a cell to be a
frontier is divided into three steps. In the first step, an open cell adjacent to an
unknown cell is labeled as a frontier edge cell. In the second step, all adjacent
frontier edge cells are grouped into frontier regions. In the third step, a frontier
region that is roughly of the same size as the robot is defined as a frontier. Now
once the frontier has been detected, the planner uses Depth-First-Search on the
occupancy grid starting from robot’s current cell and attempting the shortest
obstacle-free path to the closest frontier, which has not been visited before. For
path planning in [23], the evidence grid is considered as a graph of nodes, where
the center of each open cell represents a node, and each node is connected to all
adjacent open cells. Reactive obstacle avoidance is added to avoid dynamic ob-
stacles, which were not present when the grid map was constructed. When the
robot reaches the goal position, the location is added to the list of previously
visited frontiers, upon which the robot performs a 360-degree sensor sweep to
update the occupancy grid. The robot then attempts to reach the next closest new
frontier in the updated grid.

Fig. 7.3 describes frontiers as a concept with respect to the field application
of using aerial robots for exploration purposes. This technique of single robot
frontier exploration is adapted to a group of robots to achieve the exploration
task in less time. For this multi-robot case, each robot has its own occupancy
grid. When a robot reaches a new frontier, it does a sensor sweep and stores
the information about its surrounding in a local grid. The local grid is then up-
dated in the global grid, and the local grid is also sent to other robots. The other
robots update this local grid in their own global grid. A method of log odds rep-
resentation is used to integrate two evidence grids in real-time. Applying this
representation, independent probabilities can be combined using addition rather
than multiplying them. The log odd of each pair of cells is added, and the sum
is stored in the corresponding cell of the new grid. The probabilities are nor-
malized so that the log prior probability is zero. As a result, the cells with no
prior information in either grid remain equal to the prior probability in the new
grid. The main advantage of this approach is that it is cooperative and decentral-
ized. It also allows getting data from another robot to decide where to navigate.
Another advantage is that a robot can identify which areas are being explored
by another robot and then choose to navigate to an unexplored area. However,
there are also some limitations of this method. As the navigation is independent,
it may not be optimally efficient for the overall task in some cases. Reactive nav-
igation helps avoid obstacles, but it can be blocked by other robots. Based on the
current approach to choosing which frontier to go to, a frontier might sometimes
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FIGURE 7.3 Description of frontiers.

be inaccessible. In this case, the robot will mark the place of the blocked robot
as inaccessible. However, the other robot can still navigate to a new frontier.

Frontier based method uses occupancy grid maps as a mapping algorithm
that can generate a 2D or 3D probabilistic map. A binary value of occupancy is
assigned to each cell that represents a cell to be either free or occupied in the
grid. Suppose mx,y is the occupancy of a cell at (x, y) and p(mx,y | zt , xt ) is
the numerical probability, then using a Bayes filter [24], the odds of the cell to
be occupied can be denoted as:

p(mx,y | zt , st )

1 − p(mx,y | zt , st )
= 1 − p(mx,y)

p(mx,y

×
p(mx,y | zt−1, st−1)

1 − p(mx,y | zt−1, st−1)

where zt represents a single measurement taken at the location st . To construct
a 3D occupancy grid, an existing framework OctoMap [5] based on octree is
used in this work. In this case, each voxel is subdivided into eight voxels until
a minimum volume defined as the resolution of the octree is reached. In the
octree, if a certain volume of a voxel is measured, and if it is occupied, then the
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node containing that voxel can be initialized and marked occupied. Similarly,
using the ray casting operation, the nodes between the occupied node and the
sensor, in the line of ray, can be initialized and marked as free. It leaves the
uninitialized nodes marked unknown until the next update in the octree. The
estimated value of the probability P(n | z1:t ) of the node n to be occupied for
the sensor measurement z1:t is given by:

P(n|z1:t ) = [1 + 1 − P(n|zt )

P (n|zt )

1 − P(n|z1:t−1)

P (n|z1:t−1)

P (n)

1 − P(n)
]−1

where Pn is the prior probability of node n to be occupied. Let us denote the
occupancy probability as P o.

pvoxelstate =
{

Free, if P o < Pn

Occupied, if P o > Pn

The presented basic frontier algorithm is made up of three essential mod-
ules, namely the frontier generation, the optimal frontier selection, and the goal
publisher as presented in Fig. 7.4. The first module converts a point cloud into
a voxel grid V defined as V = {�x} based in the octomap framework discussed
earlier. The next module generates frontiers based on the occupancy probability
function for each voxel corresponding to each sensor measurement. The fron-
tier points are fed into the next module, which evaluates each frontier based on
a cost function and selects an optimal frontier point. This point is published to
the ARW controller as a temporary goal point to visit, and the overall process
continues for each sensor scan until no frontier remains.

FIGURE 7.4 Frontier algorithm framework.

The classical definition of frontiers considers a cell in the voxel grid to be a
frontier if at least one of its neighboring cells is marked as unknown. It is highly
inefficient in the real scenario where the area to be explored is vast. Therefore,
in Algorithm 4, the number of unknown neighbors can be set by the user before
the start of the exploration, reducing the overall computational complexity by a
significant margin. Another change compared to the classical frontier approach
is made by not allowing any neighbor to be an occupied voxel. This results in
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frontier not being generated in extremely narrow openings and due to sensor
measurement noise.

The third layer of refinement is set as if a frontier is detected within the
sphere of radius r (set by the user at the start of exploration), then the cell is
marked as free. This helps limit the undesired change in vertical velocity of
the ARW if the frontier is detected above or below the ARW. Algorithm 4 uses
a Velodyne 3D Lidar to get the point cloud, and because of the limited field
of view of the 3D Lidar, the above-mentioned layer of refinement helps in an
overall stable operation. The detailed implementation of the frontier approach is
also presented in [25].

Algorithm 4: Frontier generation.

1 Input : m_octree : Currentoctree,
2 n : Number of unknowns required
3 r : radius of sphere around ARW
4 Output : List of Frontiers
5 for cell ∈ m_octree.updatedStateCells() do
6 if cell.is.F ree() then
7 if cell.distance() < r then
8 i = 0
9 for neighbours ∈ cell.getNeighbour() do

10 if neighbour.isOccupied() then
11 i = 0;
12 break;
13 else
14 i = i + 1
15 if i >= n then
16 f rontiers.add(cell);

The pseudo-code for the frontier generation from octomap is depicted in Al-
gorithm 4. To reduce the number of cells to be examined in each update, only the
cells whose state (free or occupied) is changed are examined. For the selection
of frontier, a local and global set of frontiers is defined. For a large environment,
it is computationally inefficient to go through each frontier, while evaluating
the optimal frontier to visit. Therefore, in the presented method, the frontiers
evaluation is done in two stages. First, the frontiers in the field of view in the
direction of the ARW are added to the local set of frontiers and are prioritized
in the evaluation process. Second, when a frontier is generated outside the field
of view, it is added to the global list of frontiers. Thus, when there is no local
frontier to visit, a frontier from the global set is selected based on the cost func-
tion. The pseudo-code for the frontier validation and extraction, for both local
and global frontiers, is presented in Algorithm 5. A frontier from the local set
is selected based on a minimum angle α ∈ [−π,π] between then frontier vector
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Algorithm 5: Frontier validation and extraction.

1 Input : f rontiers_FromCurrrentList

2 n : Number of unknowns required
3 r : radius of sphere around ARW
4 α : frontier vector angle
5 Output : f rontiers_V alidF rontiers

6 f rontiers_LocalF rontiers

7 f rontiers_GlobalF rontiers

8 for cell ∈ Frontiers do
9 if cell_distance < r then

10 i = 0;
11 for neighbours ∈ cell.getNeighbour() do
12 if neighbour.isOccupied() then
13 i = 0;
14 break;
15 else
16 i = i + 1;
17 if i < n then
18 f rontiers.remove(cell);
19 for f rontier ∈ f rontiers_V alidF rontiers() do
20 if α < θ/2 then
21 f rontiers_LocalF rontiers.add(cell)

22 else
23 f rontiers_GlobalF rontiers.add(cell)

�xf and the ARW’s direction of travel �vd . In Fig. 7.5, (XB, YB,ZB) represents
the body-fixed coordinate frame, and (XW , YW ,ZW ) represents the world co-
ordinate frame. The frontiers from octomap are generated in the world frame,
but the frontier vector �xf is calculated relative to the position of the ARW. As
shown in Fig. 7.5, the angle α with respect to B can be defined as:

α = cos−1(
�xf · �vd

| �xf |· | �vd | )

Thus, by selecting the frontier with the lowest angle value α, the exploration
can be continued with a relatively higher speed as the ARW does not have to go
through a significant change in velocity. When there is no frontier in the local
set, a frontier from the global set is selected. The selection of a frontier from the
global set can be tuned based on a cost function as shown in Eq. (7.1)

C = wαα + wh�H + wd�D (7.1)
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FIGURE 7.5 Local (green; dark gray in print) and Global (yellow; light gray in print) frontiers.

where �D is the distance between the ARW’s current position and the frontier
point, �H is the height difference between ARW and the frontier point, wh,
wd , and wα are weights on the height, distance, and angle, respectively. The
cost for each valid frontier in the global set is calculated, and the frontier with
a minimum cost value from Eq. (7.1) is selected as the next frontier to visit. As
discussed previously, the weights can be set before the start of the exploration,
which allows where the frontier will be selected relative to the ARW’s current
position in the 3D space. For example, if a high value of wh is set, then the
cost concerning a height difference is increased, resulting in a frontier higher or
lower than the ARW position in the Z direction that would be less likely to be
selected.

In Fig. 7.6, an example of overall Guidance, Navigation, and Control frame-
work is presented.

In Fig. 7.10, incremental exploration using frontier based approach is pre-
sented. The resulted occupancy map shown in Fig. 7.10 is built using a reactive
exploration framework, meaning the path planner is not involved in this case.
In Fig. 7.7, an instance of exploration is shown when the ARW explores a cave
environment, and if an inaccessible frontier is detected at the dead end of the
cave channel, then the ARW selects the next frontier from the global list based
on the cost formulated in Eq. (7.1) and globally re-positions itself. Similarly, in
Fig. 7.8, another exploration instance is shown, where the ARW reconnects the
map using the local and global frontier merging when the ARW returns to such
opening in the map.
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FIGURE 7.6 GNC architecture containing exploration, planning, and control.

FIGURE 7.7 Global re-positioning due to in accessible frontier.

In Fig. 7.11, the reconstruction of the point cloud map of a cave environment
is demonstrated using the frontier-based reactive exploration approach. The red
(dark gray in print) line in Fig. 7.11 represents the robot trajectory while explor-
ing autonomously.

In Fig. 7.10 and Fig. 7.9, the point cloud reconstruction and robot trajectory
are shown using frontier based exploration as well as D∗+ based global path
planning module. Please note that the difference in robot trajectory in Fig. 7.11
and Fig. 7.10 is because in the full exploration framework the path to the next
best frontier is planned using a dedicated global planning module. As presented
in Fig. 7.11, the reactive exploration always moves the robot to the nest best
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FIGURE 7.8 Global frontiers are merged when previously partially seen area is discovered again.

FIGURE 7.9 Incrementally built map by the ARW while exploring.

frontier in the shortest path possible, which is a straight line in open spaces.
However, as presented in Fig. 7.10, the planned path also takes into account the
safety margin of a such path and distance of the robot from the potential obstacle
(cave walls).

In Fig. 7.12, an octomap representation of the environment is shown. The
map is built incrementally as the ARW explores the environment.
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FIGURE 7.10 Point cloud reconstruction and robot trajectory using complete exploration frame-
work, including global path planning.

7.3 Combined path planning and exploration

As an alternative to the previously discussed methods of selecting a frontier
and then querying a path planner to plan the path, there are methods that in-
clude exploration behavior in the path planning problem directly. Such methods
are often denoted as “Next Best View” planners in the literature [26,27] and in
a very generalized description try to solve the problem of maximizing infor-
mation gain while minimizing the distance traveled or other such metrics. The
difference is that the path to the frontier, point of interest, or unknown area, is
considered when choosing “where to go next”, whereas, in standard frontier se-
lection methods, this is not the case. Of course, to evaluate those metrics, it is
necessary to compute the path to multiple different points. In the Exploration-
RRT framework [28], an RRT-based [29] planner plans the path to multiple
pseudo-random goals and decides which goal to go to based on a combination
of the predicted information gain along that path, the distance traveled to reach
that goal, and the model-based actuation required to track such a path.
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FIGURE 7.11 Point cloud reconstruction and robot trajectory using reactive frontier-based explo-
ration.

FIGURE 7.12 Complete map of a virtual cave environment built after exploration.

7.3.1 The problem

The overarching goal of coupling the path planning and exploration problem
in the ERRT framework is considered as the minimization of three quantities,
namely: 1) The total distance of the 3D trajectory x, 2) the actuation required
to track the trajectory where u denotes a series of control actions, and 3) in-
creasing the known space here considered as a negative cost associated with the
information gain ν ∈R along trajectory x. These quantities result in the follow-
ing minimization:

MinimizeJa(u) + Jd(x) + Je(ν) (7.2)

subj. to:x ⊂ Vfree

Je(ν) 
= 0
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with Ja(u) denoting the actuation cost, Jd(x) the distance cost, Je(ν) the explo-
ration, or information-gain cost, which should be non-zero to expand the known
space, and Vfree ⊂ Vmap denoting the obstacle-free space, with Vmap ⊂ R

3 as
the 3D position-space encompassed by the current map configuration. If solved
completely, this would result in the optimal trajectory for the exploration task,
in a compromise between quickly discovering more space, limiting actuation
based on a dynamic system model and being lazy, e.g., moving as little as pos-
sible.

7.3.2 ERRT solution

ERRT proposes a solution composed of four components: pseudo-random goal
generation based on a sensor model (under the condition that each goal should
have non-zero information gain), a multi-goal RRT∗ planner that plans the path
to each pseudo-random goal denoted ρr , a receding horizon optimization prob-
lem (Nonlinear MPC) to solve for the optimal actuation along the trajectory,
and finally computing the total costs associated with each trajectory and choos-
ing the minimal-cost solution. The process of generating many goals, solving
the path to each of them and then computing the total costs associated with each
trajectory, turns (7.2) from a true optimization problem into:

arg min(Ja(ui ) + Jd(xi ) + Je(νi))i , i = 1, . . . , ngoals (7.3)

where xi ⊂ Vfree

that considers the finding of xmin ⊂ Vfree that is the xi trajectory having the low-
est cost associated with it, and ngoal ∈ N is the overall number of path planner

FIGURE 7.13 The ERRT concept. Multiple trajectories are calculated to pseudo-random goals,
and the lowest cost trajectory is chosen.
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goals. This process will converge toward approximating the complete problem
in (7.2), as we increase ngoal and optimize the trajectory-generating algorithm
(or simply by increasing the number of iterations of the RRT∗) as more and
more possible solutions are being investigated.

Fig. 7.13 shows a low-resolution concept of the ERRT framework, while Al-
gorithm 6 shows the ERRT pipeline. Here, G denotes the occupancy grid map,
{U} is a set of unknown voxels (e.g., frontiers or similar), rs, θs, ls are sensor pa-
rameters, Kd,Kν,Qu,Q�u are weights related to cost computation, and Ngoal

is the list of graphs produced by the RRT∗ that reach each individual goal. An
evaluation of the ERRT framework in a simulated subterranean environment us-
ing a 3D-lidar equipped ARW can be founds at https://drive.google.com/file/d/
1v3vg3Z9iB2DR-Oec3MxWUg_39d3lIj1F/view?usp=sharing, while Fig. 7.14
shows the progression of such a simulated exploration run in an unknown envi-
ronment.

Algorithm 6: The ERRT algorithm.

1 Inputs: G, {U}, ngoal, rs, θs, ls , x̂

Result: Minimum-cost trajectory xmin

2 ρr = generate_goals(G, {U}, ngoal, rs, θs, ls)

3 Ngoal = multigoal_rrt(ρr ,G)

4 xi = trajectory_improvement(ρr ,Ngoal,G)

5 ui = NMPC_module(xi , x̂)

6 (Ja, Jd, Je)i = cost_calc({U},G,xi ,ui ,Kd,Kν,Qu,Q�u)

7 xmin = path_selection((Ja, Jd, Je)i ,xi )

8 Output: xmin

7.4 Conclusions

This chapter presents different exploration strategies that are directly applicable
for deploying autonomous Aerial Robotic Workers in subterranean exploration
missions. The main motivation behind the exploration strategy is to compute
where to move next so that the ARW will acquire more information about the
environment and autonomously navigate to such area. Different frontier-based
and sampling-based exploration methods were presented in detail to address the
problem with different methodologies. Exploration results have been presented
in terms of the incrementally built map as well as using custom modeled occu-
pancy information-based simulators as presented in the combined exploration-
planning module.
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Chapter 8

External force estimation for
ARWs
Andreas Papadimitrioua and Sina Sharif Mansourib
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Luleå, Sweden, bAutonomous Driving Lab in Scania Group, Stockholm, Sweden

8.1 Introduction

No matter how accurate the modeling of an ARW or how well-designed the
ARW controller is, a common problem for the ARWs is the unwanted distur-
bances that might occur during a mission. Examples of such disturbances could
be wind gusts or the transportation of a small payload. In these cases, the plat-
form should react fast against the disturbances to maintain its stability. When the
disturbances acting on the platform are known or measured with onboard hard-
ware [1,2], they can be mitigated, but usually, the nature of those disturbances
varies, making the compensation a problematic task. Furthermore, it is ineffi-
cient to mount additional sensors on an ARW as they will reduce its flight time,
thus allowing only shorter missions, and often, it is unrealistic to use them due
to their size and weight. Estimating disturbances using estimation techniques
without relying on external sensors, such as weather station measurements or
force meters, would positively impact the battery life. There are many meth-
ods to estimate forces, like the Extended and Unscented Kalman Filter [3–6].
However, this Chapter will focus on using Nonlinear Moving Horizon Estima-
tion (NMHE) while considering the nonlinear dynamics of the ARW without
the requirement of the platform system identification. The estimated forces can
be fed to a position controller like the NMPC from Chapter 4 with minimum
additions, which will provide thrust and attitude commands to the low-level
controller while simultaneously accounting for the estimated disturbances. The
Moving Horizon Estimation (MHE) is an optimization method that uses mea-
surements that are affected by noise, biases, variation, and other inaccuracies
and produces estimates of unknown variables or parameters [7]. Similar to MPC,
it relies on the minimization of a sum of stage costs subject to a dynamic model.
The NMHE can handle nonlinear models and nonlinear equality and inequality
constraints, and its stability and robustness are currently being studied [8,9]. The
most significant trade-off of the MHE methods, similar to other receding horizon
estimation approaches, is that it comes with increased computational require-
ments compared to other estimation methods like the Kalman Filter. However,

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00014-7
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nowadays, the increased computational resources of ARWs, and recently de-
veloped advanced formulations for fast nonlinear solvers [10] for constrained
nonlinear systems, enable ARWs to cope with the computation burden. Thus,
enabling the use of MHE approaches to the field of robotics and in general ap-
plications for systems with fast dynamics.

8.1.1 External force estimation

The proposed NMHE estimates the system’s states and external forces applied
to the ARW. Fig. 8.1 depicts the effect of the external forces on the body frame
of the ARW. The body frame forces fx , fy , fz result in the position drift of the
ARW in the x, y, z body axes accordingly.

FIGURE 8.1 Schematic illustrating the effect of the external forces on the ARW body frame axes.
The fx , fy , fz results in the displacement of the ARW in the x, y, z body axes, respectively.

In the NMHE formulation to be presented next, we consider the following
discrete-time dynamic evolution of the system as presented in (8.1):

x̄k+1 = F (x̄k,uk) + wk, (8.1a)

yk =H(x̄k) + �k, (8.1b)

where, x̄ = [x,f ]�, F : Rns × R
nu → R

ns is a nonlinear function, H : Rns →
R

nm is a linear vector function of the states x̄, and y = [x, y, z, vx, vy, vz,φ, θ ]�
is the measured output. Furthermore, ns , nu, and nm are the number of states,
inputs, and measurements, respectively, and �k ∈ R

nm and wk ∈ R
ns represent

the measurement noise and the model disturbances, respectively. Note that in
the NMHE formulation, the external forces are considered in the state space of
the dynamic model, that is, f is regarded as an unmeasured state. In contrast,
in the NMPC formulation, f is a variable for the prediction horizon, which is
updated based on the NMHE estimations. The external force f changes over
time; however in, each estimation window, it is assumed that the external force
is static (ḟ = 0).

The process disturbance wk , the measurement noise �k , and the initial
Probability Density Function (PDF) of the state vector are unknown, and it
is assumed that they are randomly distributed according to the Gaussian PDF
with covariance matrices Q ∈ R

ns×ns , � ∈ R
nm×nm , and � ∈ R

ns×ns , respec-
tively. Furthermore, the initial condition x̃0 is assumed to be known. Based on
the information about random noises and a set of available noisy measurements
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Y = {yj : j = 1, ...,Ne}, the estimated states of system X̄ = {x̄j : j = 0, ...,Ne}
are obtained by solving the following optimization problem, while the Ne is the
length of the fixed horizon window. Moreover, x̄k−j |k and yk−j |k are the k − j

previous states and measurements from the current time k.

min
x̄(k−Ne |k),W

(k−1|k)
(k−Ne |k)

J (k) (8.2a)

s.t. x̄i+1|k = F (x̄i|k,ui|k) + wi|k (8.2b)

yi|k =H(x̄i|k) + �i|k i = {k − Ne, . . . k − 1} (8.2c)

wk ∈ Wk, �k ∈ �k, x̄k ∈Xk (8.2d)

where,

J (k) =‖x̄k−Ne|k − x̃k−Ne|k‖2
�︸ ︷︷ ︸

arrival cost

+
i=k∑

i=k−Ne

‖yi|k −H(x̄i|k)‖2
�︸ ︷︷ ︸

stage cost

+
i=k−1∑

i=k−Ne

‖x̄i+1|k − f (x̄i|k,ui|k)‖2
Q︸ ︷︷ ︸

stage cost

(8.3)

In (8.2), W
(k−1|k)

(k−Ne|k) = col(w(k−Ne|k), . . . ,w(k−1|k)) is the estimated process dis-
turbance from time k − Ne up to k − 1, which is estimated at the time k, and the
estimation horizon is defined with a fixed window of size Ne ∈ Z

+.
The first term of the objective function in (8.3) is the arrival cost weighted

by �, which describes the uncertainty in the initial state at the beginning of the
horizon, considering the error between the observation model and the predicted
initial state x̃(k − Ne | k). In general, there are different approaches to transfer
the arrival cost at each time. In this work, the smoothing approach is used which
only uses one time-step before the window to approximate the arrival cost. The
second and third terms are called stage costs. The ‖yi|k −H(x̄i|k)‖2, weighted
by �, is the bias between the measured output and the estimated state. The
‖x̄i+1|k − f (x̄i|k,ui|k)‖, weighted by Q, is the estimated model disturbance.
At every instant k, a finite-horizon optimal problem with horizon window of Ne

is solved and the corresponding estimated states and external forces sequence
of x̄�

k−Ne|k, . . . x̄�
k|k are obtained. The final estimated state x̄�

k|k is fed to the
controller.

8.2 Disturbance rejection NMPC

Finally, we will define a method to counteract the estimated disturbances by
taking an augmented version of the NMPC defined in Section 4.6. The ARW
is modeled by the position of the center of mass in the inertia frame and the
body’s orientation around each axis with respect to the inertial frame. The ARW
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dynamics are defined in the body frame and are modeled by (8.4):

ṗ(t) = v(t), (8.4a)

v̇(t) = Rx,y(θ,φ)

⎡
⎢⎣0

0
T

⎤
⎥⎦ +

⎡
⎣ 0

0
−g

⎤
⎦ −

⎡
⎢⎣Ax 0 0

0 Ay 0
0 0 Az

⎤
⎥⎦v(t) + f (t), (8.4b)

φ̇(t) = 1/τφ(Kφφd(t) − φ(t)), (8.4c)

θ̇ (t) = 1/τθ (Kθθd(t) − θ(t)), (8.4d)

The main difference from the default NMPC model is that in (8.4b), we consider
the forces f = [fx,fy, fz]� acting on the body frame of the ARW. This way,
the controller can account for the disturbances in a feedforward manner. This
method will generate roll-pitch-thrust commands to the low-level controller,
which then will consider the effect of forces that act on the body frame of
the ARW. The objective function J to be minimized remains the same as in
Eq. (4.18). To limit the control actions of the NMPC within a range, the con-
trol input u is bounded. The constraints are implemented to avoid aggressive
behavior during maneuvers and represent the desired physical constraints of the
platform. However, as will be discussed subsequently in the example section, the
boundaries have to be wider to allow the ARW to compensate for disturbances,
and actually, they can act as hard limiters in the maximum forces that the ARW
can counteract. Based on the previous definitions, the following optimization
problem is defined in (8.5):

min
{uk+j |k}N−1

j=0

J (8.5a)

s.t. xk+j+1|k = f (xk+j |k,uk+j |k), (8.5b)

0 ≤ T ≤ Tmax, (8.5c)

φmin ≤ φd ≤ φmax, (8.5d)

θmin ≤ θd ≤ θmax. (8.5e)

In the proposed framework, the NMHE and NMPC optimization problems
are solved online by the utilization of PANOC [10,11] that is a fast solver for
nonlinear optimal control problems and guarantees real-time performance, a
key component for embedded applications. Finally, both developed modules are
evaluated in different experimental scenarios with different platforms.

8.3 Examples

The rest of this chapter will focus on the presentation of a few experimental
examples using the NMHE-NMPC formulation for various scenarios to com-
pensate the effect of external forces. In addition, the NMHE-NMPC formula-
tion will be compared with the standard NMPC without force estimation that
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is blind to external disturbances. For the demonstration of the examples, two
custom designed ARWs are used. These are a standard quadrotor (Fig. 8.2a)
and a re-configurable quadrotor (Fig. 8.2b). The NMPC and NMHE parameters
for all the presented examples are included in Table 8.1. The constraints used
for the NMPC are linked with the maximum roll and pitch angles described
below as they vary between the examples. To evaluate the waypoint tracking
performance, a motion capture system is used to provide accurate localization
information.

FIGURE 8.2 Experimental quadrotor platforms used for the evaluation of the NMHE-NMPC dis-
turbance estimation and compensation.

TABLE 8.1 NMPC and NMHE tuning parameters.

Qx Qu Q�u

[5,5,5,5,5,5,1,1]� [10,10,10]� [20,20,20]�
� Q �

I11 I8 I11

8.3.1 MAV subject to wind-wall disturbances

Fig. 8.3 depicts the flying arena, where the wind-wall is located on the left side
and generates wind toward x-axis of the ARW (due to the reference heading
of the platform). The wind-wall dimensions are 2 m and 2.1 m for the width
and height, with a total number of 18 fan modules. The modules can produce a
maximum wind speed of 16 m/s.

The ARW is commanded to hover at the position [0.5,−1.6,2.0]� (m) in
front the wind-wall, which generates wind toward x-axis of the platform. The
NMPC constraints for the roll and pitch angles are |φd |, |θd | ≤ 0.6 rad. Fig. 8.4a
depicts the estimated and measured position of the ARW, while the Root Mean
Square Error (RMSE) between the measured and estimated values is 0.1 m.
The RMSE between the x and xr is 0.2 m, 0.18 m, and 0.25 m for x, y, and z

axes, respectively. The estimated external forces of the wind-wall are depicted
in Fig. 8.4b. The mean and absolute max value of the forces for each axis x, y,
and z are (−1.2,2.2) N, (−0.2,0.9) N, and (0.2,0.55) N, respectively.

Fig. 8.5a shows the power percentage of the wind-wall. The operator in-
creases the power of the wind-wall from zero to 55%, which generates airflow
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FIGURE 8.3 Flying arena in CAST laboratory at the California Institute of Technology. In the left
side of the illustration is the wind-wall, and in the middle is the flying ARW.

FIGURE 8.4 NMHE-NMPC force estimation and disturbance rejection example when wind is
generated by a wind-wall. Position states [x, y, z]�, the measured and estimated values are shown
by gray and black colors (left). Estimated external forces [fx,fy,fz]� by the NMHE when wind is
generated against ARW x-axis (right).

of up to 8.8 m/s. As the wind-wall faces toward the ARW x-axis, the estimated
force fx is gradually decreasing following the same trend of the increasing
wind-wall power percentage.

Moreover, the ARW is evaluated with the use of the NMPC module and
without the NMHE module, thus the external forces are not estimated. In this
case, the ARW is commanded to hover at [0.5,−1.6,1.3]� [m] and same tuning
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FIGURE 8.5 (a) Wind-wall power percentage for the case of the ARW subject to winds estimated
up to 8.8 m/sec. (b) Wind-wall power percentage for the case of the ARW subject to winds estimated
up to 3.5 m/sec.

of the NMPC is used. Fig. 8.6 depicts the position of the ARW. The RMSE of
the position and the waypoint for x, y, and z axes is 0.46 m, 0.35 m, and 0.40 m,
respectively, while the maximum absolute error in x-axis is 1.58 m. This is
due to the generated wind toward the x-axis of the ARW. Moreover, Fig. 8.5b
shows the power percentage of the wind-wall that approximately reaches up to
3.5 m/s. It is observed that the NMPC tracks the desired waypoint with a high
error when the external forces are not estimated. In addition, for this scenario,
the maximum wind speed is approximately 2.5 times lower compared to the
previous case. Thus, the proposed NMPC with NMHE modules provide at all
times improved tracking error even when the wind flow is high.

8.3.2 Reducing the effect of a tethered payload

In this example, an external payload of 0.25 kg is tethered to the ARW as de-
picted in Fig. 8.7. The tether length is 0.68 m, resulting in a period of motion of
1.65 s. The scope of the proposed method for this example is to reduce the effect
of the swinging load, while an alternative method would be to augment the states
of the system with the pendulum equations of motion to dampen the swinging
of the pendulum. The ARW is commanded to change continuously its position
between two xr : [−0.7,−1.6,1.5]� and [0.0,−1.6,1.5]� [m] along the global
X axis. Fig. 8.8a depicts the position and estimated position of the ARW. The
Root Mean Square Error (RMSE) between the position and waypoint is 0.5 m,
0.4 m, and 0.2 m for x, y, and z-axes, respectively. Fig. 8.8b presents the esti-
mated forces on the tether experiment. The oscillatory motion of the pendulum
is evident in the estimated forces along the x and y axes of the platform. Note
that when the ARW is approaching the landing set-point, a positive value for fz

is estimated. That occurs as the tether payload touches the ground, and the force
is omitted from the ARW. It is worth highlighting that the stand-alone NMHE
is not able to stabilize the aerial platform, and there is a need for compensa-
tion on the low-level controller; however, the NMHE estimation still provides
collision-free navigation.
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FIGURE 8.6 Measured x, y, z positions of the ARW without external forces estimation and com-
pensation for the scenario where the wind is generated from a wind-wall.

FIGURE 8.7 Photographic still of the experimental scenario where the ARW has a tethered pay-
load.

8.3.2.1 Example of center of gravity compensation
In this example, we test a re-configurable ARW [12], like the one presented in
Chapters 3 and 4, which can fold its brackets to alter its formation to H, X, Y,
and T shapes as depicted in Fig. 8.9. The different ARW configurations have
a direct impact on the moment of inertia of the platform and for asymmetric
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FIGURE 8.8 NMHE-NMPC force estimation and disturbance rejection for the scenario where a
payload is attached on the ARW. The measured, estimated, and reference values of the position
states [x, y, z]� are shown by red (dark gray in print), black, and dashed gray lines, respectively
(left). Estimated forces [fx,fy,fz]� for the scenario where a payload is attached on the ARW
(right).

FIGURE 8.9 Different formations X, H, Y, and T based on re-configurable ARW’s arms position.

configurations, like Y and T, on its center of gravity. In contrast to Chapter 4,
where we compensate the effect of the different shapes on the attitude controller
level, here, a classic PID-based low-level controller without compensation for
the different formations is used. The selection of this low-level controller is to
emphasize the NMHE force estimation capabilities and disturbance rejection
when the platform dynamics are affected by major changes like its structural
re-configuration.

The ARW is commanded to hover at xr = [0,0,0.6]� [m] while the input
angles are constrained in |φd |, |θd | ≤ 1 rad. Fig. 8.10a shows the actual and
estimated position of the ARW. The initial RMSE, while the platform maintains
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the H and X formations for the first 35 s, stays at 0.11 m, 0.13 m, and 0.23 m
for x, y, and z-axes, respectively. The higher altitude fluctuations due to the
aerodynamic effects and loss of energy among the propellers occurred since
there is overlap between them in H-formation. When the platform changes to
the Y-formation and later on to the T-formation, the RMSE between the position
and the waypoint is 0.7 m, 0.45 m, and 0.6 m for x − y − z axes. The increased
RMSE is expected as the asymmetry nature of those two formations results in a
major shift of the platform’s center of gravity.

FIGURE 8.10 Position states [x, y, z]� of the experimental evaluation with the re-configurable
ARW. The measured and estimated values are shown by red (dark gray in print) and black col-
ors, respectively. Estimated forces [fx,fy,fz]� for the experimental evaluation of the proposed
methodology with the re-configurable ARW.

Figs. 8.10b and 8.11 present the estimated forces of the NMHE and the gen-
erated control commands of the NMPC. The mean and absolute force levels are
(−0.18,1.53) N, (−0.14,0.48) N, and (0.06,0.51) N for each axis x, y, and z.
From Fig. 8.11, one can observe that the re-configurable drone reaches the in-
put constraints, which are already expanded compared to the other experimental
scenarios. More specifically, when the ARW changes to the T configuration, the
input θd reaches closer to 1 rad, which is the NMPC bound for the pitch an-
gle. It should be highlighted that the same experiment is performed without the
NMHE module, and the stand-alone NMPC cannot compensate for the arm re-
configuration; thus, the experiment results in the collision of the platform with
the protection net. As already emphasized, there is no model-based compen-
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sation for the low-level controller of the re-configurable ARW. Thus the high
RMSE values are expected, while the ARW avoids the collision in contrast to
the scenario where the NMHE module is suspended.

FIGURE 8.11 Thrust, roll, and pitch commands generated by the NMPC for the experimental
evaluation of the proposed methodology with the re-configurable ARW.

8.4 Conclusion

In this chapter, an NMHE method is presented to estimate external disturbances
that can occur via various sources, and they affect the ARWs flight performance.
The estimated disturbances are assumed as forces that act on the body frame of
the ARW, and an augmented NMPC is presented that compensates for them.
Three example cases were used to showcase the performance of the estima-
tor and disturbance rejection, including 1) Wind-wall, 2) tethered payload, and
3) an ARW with re-configurable arms. The NMHE successfully estimated the
disturbances, and the NMPC was used to compensate for them. The actuation
constraints were tuned for each example as the boundaries increased depending
on the disturbance levels. The same three example cases were tested again with
no estimation module, and the NMPC did not have the augmented states to com-
pensate for these forces. The controller fails, and the flight is either terminated
immediately or results in a collision with the protection net.
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Chapter 9

Perception driven guidance
modules for aerial manipulation
Samuel Karlsson and Christoforos Kanellakis
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

9.1 Introduction

MAVs are characterized by simple mechanical design and versatile movement,
which makes them a popular platform within the robotics community. These
capabilities define missions that are impossible or dangerous for the human
operator to perform. Some examples of up-to-date efforts to employ MAVs
include the fields of infrastructure inspection [1,2], public safety, such as surveil-
lance [3], and search and rescue missions [4].

In general, MAVs are agile platforms with various navigation modes, from
hovering over a target to aggressive maneuvering in R

3, making it possible to
access remote and distant places, compared to mobile robots. MAVs are distin-
guished mainly for their payload capabilities with a trade in their size. Usually,
they are equipped with sensors like cameras, sonars, lasers, and GPS to provide
useful information to their operators. Thus, a novel trend currently emerging
with fast pace includes the interaction capabilities of such platforms with the
surrounding environment.

Taking advantage of the MAV sensor payload concept, MAVs can also carry
other type of hardware mechanisms, e.g., lightweight dexterous robotic arms,
as depicted in Fig. 9.1. In such way, Aerial Robotic Workers (ARWs) expand
their operational workspace, which can be deployed in applications that require
payload transportation, infrastructure maintenance, precision farming, and en-
vironment sampling.

Within the related literature, studies on MAV’s with aerial manipulators have
been focusing to object picking, transportation [5], and assembling [6] tasks.
Nowadays, the research community in aerial robotics is pursuing dexterity re-
garding the manipulation capabilities of aerial vehicles [7–9]. A fundamental
feature that could assist these platforms in complex missions is the development
of a guidance system for the manipulator based on robust perception modules.
The ability to guide precisely the end-effector, relative to targets in the sur-
rounding workspace, introduces a wide span of novel applications for the aerial
platform.

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00015-9
Copyright © 2023 Elsevier Inc. All rights reserved.
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FIGURE 9.1 Example of an aerial robotic worker with endowed manipulator.

Searching the literature within this research field, several works have consid-
ered studying and developing the visual guidance system as a means to assist the
manipulation task. More specifically, in [10], an image-based impedance con-
trol strategy for force tracking of an unmanned aerial manipulator is presented.
The visual part is performed with planar image features that have decoupling
property to drive the end-effector perpendicular to the object plane. In [11], a
vision-based guidance system for a 3DoF manipulator has been developed. This
work presented an Image-Based Visual Servoing (IBVS) scheme using image
moments to derive the velocity references for commanding the coupled system
(MAV and manipulator), while the object detection was based on color thresh-
olding. An adaptive controller was designed to switch between position and
IBVS control, while the authors of [11] extended their work on manipulation
in [12] by proposing a guidance system for cylindrical objects, where the detec-
tion has been performed using RANSAC ellipse detection. Regarding the visual
servoing task, a stochastic MPC has been employed to handle x and y rotational
velocities as stochastic variables. In [13], an aerial manipulator guidance sys-
tem has been presented, where the novelty of this work stems from the designed
hierarchical control law that prioritizes the tasks like collision avoidance, visual
servoing, the center of gravity compensation, and joint limit avoidance during
a flight, where the visual servo control considers an uncalibrated camera and
drives the manipulator to the desired pose. In [14], a tree cavity inspection sys-
tem has been presented based on the depth image analysis and image processing
(contour extraction, ellipse fitting), while the overall goal was to drive the end-
effector inside the cavity. In [15], a stereo vision system for object grasping has
been proposed with a detection algorithm to learn a feature-based model in an
of-line stage and then use it online to detect the targeted object and estimate its
relative pose using the information from the 3D model.

The main aim of the Chapter is to expand on visual processing modules
for guidance of aerial manipulators, focusing on object detection, tracking, and
localization techniques. Finally, the Chapter ends with the presentation of an
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aerial manipulator design and experimental examples on the topic guidance for
aerial manipulation.

9.2 Perception architecture for ARW guidance

The basis of the perception architecture is the definition of coordinate frames as
depicted in Fig. 9.2. The world frame W is fixed inside the workspace of the
robotic platform, the body frame of the vehicle B is attached on its base, while
the manipulator’s frameM is fixed on the base of the manipulator. Finally, the
stereo camera frame C origins on the left camera and is firmly attached to the
end-effector frame E. The transformation of the point pC to the frame E is ex-
pressed through the homogeneous transformation matrix T EC (pE = T EC pC). For
the rest of this Chapter, the superscript denotes the reference frame. Accord-
ingly, pE can be expressed in the manipulator’s frame M using the forward
kinematics. More specifically, pM = TME (q) pE, where TME (q) is the homoge-
neous transformation matrix from the end effector’s frame to the base frame,
which depends on the current manipulator joint configuration q = [q1, · · · , qn].
Finally, the manipulator is firmly attached to the MAV, thereafter the transfor-
mation matrix T BM is constant, expressing the relative pose between the vehicle
and the manipulator base. The pose of the target pB, relative to the multirotor
base frame, is calculated through pB = T BM pM.

FIGURE 9.2 Coordinate frames of the aerial platform.

Fig. 9.3 depicts the perception architecture to support the guidance of the
aerial manipulator. The I1, I2 are camera frames, P C and P Cbounded are 3D point-
clouds, B is the bounding box, and xC, yC, zC are the centroid coordinates and
waypoints pW, φ. The waypoints are afterward transferred to the motion plan-
ning and control modules of the ARW for performing the guidance maneuver.

The guidance components consist of an integrated stereo-based system. The
target is identified within the sequential received frames in the form of a bound-
ing box using the combined detection and tracking scheme (described in Sec-
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FIGURE 9.3 Perception system architecture of the guidance system.

tions 5.4, 9.3). The object detection information is integrated with a pointcloud
processing to extract the centroid of the manipulated object, compute its relative
configuration with respect to the MAV, generate a proper trajectory, and align
the end-effector properly with the grasping point. All computations regarding
the detection and tracking components are executed onboard the MAV to avoid
communication latency issues.

9.3 Object tracking

The object detection module has been presented in Section 5.4. This part de-
scribes an approach for object tracking. During the years, multiple efficient
tracking algorithms [16] have been proposed, but many algorithms are not suit-
able for MAV applications, since they require high computational resources.
A tracking category that could address these challenges is the tracking-by-
detection algorithms. Briefly, these tracking algorithms are treated as binary
classification methods since they constantly try to discriminate between the tar-
get and the background using decision boundaries. The tracking mechanism
is online using patches of both target and background captured in recent and
past frames. In this Chapter, the tracking-by-detection approach for robust track-
ing during manipulation guidance is based on the Kernelized Correlation Filter
(KCF) [17].

In a nutshell, the KCF pipeline is divided into three parts: 1) the training, 2)
the detection, and 3) the training-update at the new target position. The tracker
learns a kernelized least squares classifier f 〈φkcf (xkcf m,n

),wkcf 〉 = ykcf of a
target from a single patch xkcf , centered around the target, of a size M × N . It
uses a circulant matrix to learn all the possible shifts of the target, considering
the cyclic shifts xkcf m,n

, (m,n) ∈ {0, . . . ,M − 1} × {0, . . . ,N − 1} of the patch
as training samples for the classifier. The classifier is trained by minimizing Ckcf

(Eq. (9.1)) over wkcf , where φkcf is the mapping to the feature space defined
by the kernel k(f, g) = 〈φkcf (f ),φ(g)〉, and λ is a regularization parameter.
The regression target ykcf (m,n) ∈ [0,1] is generated considering a Gaussian
function.

Ckcf =
∑
m,n

|〈φkcf (xkcf m,n
),wkcf 〉 − ykcf (m,n)|2 + λ〈wkcf ,wkcf 〉 (9.1)

By denoting F the Discrete Fourier Transform (DFT) operator, the cost func-
tion is minimized by wkcf = ∑

m,n αkcf (m,n)φkcf (xkcf m,n
), where the coef-
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ficients αkcf are calculated from A = F (αkcf ) = F (ykcf )

F (ux)+λ
, where ux(m,n) =

k(xkcf m,n
, xkcf ) is the output of the kernel function.

During the detection step, a patch zkcf of size M × N is cropped out in
the new frame. The algorithm computes the detection scores, considering the
cyclic shift alterations of zkcf , as ˆykcf = F −1{AUz}, where Uz is the Fourier
transformed kernel output of the example patch zkcf . The target position in the
new frame is estimated by finding the translation that maximizes the score ˆykcf .

Finally, the target model is updated over time. In the KCF tracker, the model
consists of the learned target appearance model ˆxkcf and the transformed clas-
sifier dual space coefficients akcf . Within the classifier update of the target,

appearance model {xj
kcf : j = 1, . . . , p} includes information from the previ-

ous frames till the current frame. The model is updated in each new frame with
a fixed learning rate, which is not adaptive to appearance changes.

9.4 Object localization

The outcome of this process results in a 2D bounding box, defined as a set B

with xb and yb coordinates (Eq. (9.2)).

B = {(xb, yb) ∈ R
2| xmin < xb < xmax , ymin < yb < ymax} (9.2)

where {(xmin, ymin), (xmin, ymax), (xmax, ymin), (xmax, ymax)} are the four cor-
ners of the bounding box in the image plane.

A major part of the proposed system includes the guidance layer based on
stereo vision during the exploration phase of the MAV. This part is used when
the target of interest lies within the depth range of the stereo camera. The goal is
to bring the aerial platform in the proximity of the target by following a simple
but efficient strategy.

The basis of the 3D perception of the system is structured around the re-
construction capabilities of the stereo sensor. The overall process is initiated
by calculating the 3D structure of the area perceived from the stereo pair using
Semi Global Block Matching (SGBM) [18] method. The stereo mapping func-
tion S(x, y) maps a point (x,y) from the image pixel coordinate frame to the
camera frame as shown in Eq. (9.3).

S(x, y) = (X,Y,Z) (9.3)

Thus, a pointcloud P is formulated as P= {S(x, y)}.
A pointcloud filtering method is proposed to robustly isolate the region of

interest, combining information from both the depth map and the object tracker
presented in Section 9.3. More specifically, the points belonging to the 2D
bounding box B are translated to a pointcloud Pbounded using the stereo map-
ping function as

Pbounded = {S(x, y)| x ∈ xb , y ∈ yb} (9.4)
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In the proposed system, the centroid extraction depends on the processed
pointcloud; therefore, additional background parts in the model will downgrade
the accuracy of the centroid. Therefore, the clustering method Region Grow-
ing Segmentation [19], part of the pointcloud processing component (Fig. 9.3)
is implemented using smooth constraints, to partition Pbounded into separate re-
gions. The clustering of the bounded 3D points into groups is selected to remove
parts of Pbounded that do not belong to the desired target and are directly passed
from the object tracker. Usually, the extracted bounding box does not entirely
enclose the target but includes parts of the background.

The assumption in the proposed process is based on the concept that the
target of interest covers the largest part of the bounding box and therefore the
largest part of Pbounded . The size of every cluster in Pbounded is verified by a
heuristic threshold that has been designed to further merge neighboring clus-
ters that do not meet size requirements. In this manner, the 3D centroid of the
target in Pbounded lies in the cluster with the maximum area. Finally, the cen-
troid [xc, yc, zc] is extracted as the average position of the point in the cluster.
Overall, there is no metric information of the target provided a priori.

On top of the already described process, the pointcloud is filtered to remove
invalid values with the aim of further refining the centroid position. It is also
downsampled to reduce the number of points through Voxel Grid Filtering [20]
for faster processing, which is critical for the aerial platform. An extra step is
considered for targets that are attached in planar surfaces, where the background
plane is segmented using RANSAC [21]. Fig. 9.4 provides a stepwise visualiza-
tion of the pointcloud filtering process. In the clustered point cloud, the points
include only the circle and cross parts of the target, while the white background
is merged after the final filtering step as shown on the right.

FIGURE 9.4 Pointcloud filtering steps, on the left the original pointcloud, in the middle the clus-
tered pointcloud and on the right the final filtered pointcloud including the whole target.

The centroid information is transferred to the body frame of the aerial vehicle
B using the transformation from camera as well as the manipulators kinematics.
The stereo guidance subsystem is finalized with the generation of the proper
waypoint Wp = [pW,�] using the extracted centroid location, where pW rep-
resent the x, y, z positions in frameW, while � the orientation of the MAV in
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frameW. In this case, the aerial manipulator is given a predefined joint config-
uration q1, q2, q3, q4 according to the task requirements. The MAV waypoint is
converted into a position-velocity-yaw trajectory provided to the platform high-
level position controller.

9.5 Aerial manipulator system

9.5.1 Hexacopter manipulator carrier

This work employs the aerial research platform from Ascending Technologies,
the NEO hexacopter, depicted in Fig. 9.1. The platform has a diameter of 0.59 m,
height of 0.24 m, and propeller length of 0.28 m, while it can carry a payload of
2 kg with up to 2 kg flight time. The sensor payload is configurable based on the
mission requirements and can vary, while the onboard processor is an Intel NUC
i7-5557U with Ubuntu Server Operating System. The multirotor includes three
main subsystems to provide autonomous flight, namely the localization system
based Vicon MoCap,1 a Multi-Sensor-Fusion Extended Kalman Filter (MSF-
EKF) [22] for state estimation and finally the linear Model Predictive Control
(MPC) position controller [23–25] for trajectory following.

9.5.2 The CARMA aerial manipulator

The robotic arm introduces manipulation capabilities to the multirotor, and it
is a planar robotic arm with 4 revolute joints mounted underneath the aerial
platform, as shown in Fig. 9.5. The manipulator weight is 500 g, while it is
capable of holding various types of end-effectors like a grasper, a brusher, a
camera holder, or even an electromagnet for lifting heavy objects.

FIGURE 9.5 Left – CAD design of the CARMA manipulator. Right – CARMA parts explosion
view.

Some highlights on the design of the manipulator are the following:

• a robust and sturdy mechanism with belts for motion transmission;

1 https://www.vicon.com/.
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• linear potentiometers for joint angle feedback;
• multiple end-effector types.

Compact AeRial MAnipulator (CARMA) is regulated using a cascaded posi-
tion-velocity Proportional Integral Derivative (PID) control scheme. More
specifically, the joint positions derived from the inverse kinematics consist of
the reference to four standalone PID controllers, one controller for every joint.
In the developed system, the manipulator kinematics define the end-effector
position relative to the manipulator base. A full description of the design and
modeling of the manipulator was presented in [26].

9.5.3 Visual sensor

The guidance system of the manipulator consists of a custom-made stereo cam-
era with a frame rate of 20 fps at 640 × 480 resolution and a baseline of 10 cm,
as depicted in Fig. 9.6. The sensor has been calibrated to calculate the intrinsics
and extrinsic parameters before its use.

FIGURE 9.6 Visual sensor in an eye-in-hand configuration for aerial manipulation (video assem-
bly at [27]).

9.6 Results

This Section provides experimental results from various components covered in
the Chapter to showcase the deployment of the methods in real hardware and
realistic environments. The visual tracking and object detection outcome has
been collected from autonomous flight datasets that were performed indoors in
the Field Robotics lab flight arena located at Luleå University of Technology and
at the Mjolkudden area in Luleå. The visual guidance experiments of the aerial
manipulator were performed in the Field Robotics Lab flight arena as well as in
a subterranean tunnel complex located in Luleå, Sweden. On the software side,
the implementation was held in C++, using ROS2 framework, OpenCV,3 and
PCL4 libraries.

2 http://www.ros.org/.
3 https://opencv.org/.
4 http://pointclouds.org/.
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9.6.1 Object detection

The results presented in this Section utilized the tiny version of YOLOv4 [28].
This selection was mainly made to reduce the computational requirements and
increase the inference frame rate, compared to the vanilla version of YOLO,
since the aim is to deploy it in a processor that does not host any graphics pro-
cessing unit (GPU) to eventually respect the payload requirements of the aerial
platform. On top of that the Vision Processing Unit (VPU), Intel Neural Com-
pute Stick 25 module was used to further offload the computation load from
the Central Processing Unit (CPU). Compared to previous versions YOLOv4
architecture uses CSPDarknet53 [29] as the backbone, which is cascaded with
Spatial Pyramid Pooling block on top, PAN [30] for neck, and YOLOv3 [31]
for head.

The network was trained on 6 classes defined by the SubT competition using
a custom dataset consisting of approximately 700 images for each class. The
input size of the images is 416 × 416, and the output of the algorithm is the
detected bounding boxes and the class probability. Moreover, the model was
further modified to be executed on the VPU using the Openvino6 framework,
which is an open-source toolkit for optimizing and deploying AI inference, with
FP16 precision.

The identified objects have not been part of the training dataset for the Con-
volutional Neural Network (CNN)-based detector, showing the applicability to
identify object in those classes that have not been seen before. Fig. 9.7 depicts
snapshots from the object detection module. The detection module rate varied
around 8 fps. Overall, such architectures, when deployed in realistic environ-
ments, are related to the mission requirements, and the existing trade-offs should
always be considered for smoother and more efficient mission accomplishment.

FIGURE 9.7 Visualization of true positives from detected objects (bounding boxes and class prob-
abilities) during the full mission.

5 https://www.intel.com/content/www/us/en/developer/tools/neural-compute-stick/overview.html.
6 https://docs.openvino.ai/latest/index.html.
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9.6.2 Visual tracking

This experimental part is designed to demonstrate the performance of the
tracker, while the MAV is flying close to the target of interest. These experiments
include the manual navigation of the ARW in the frontal area of the object of
interest following different paths, including hovering, longitudinal, and lateral
motions. The main goal is to provide an insight into the tracker capabilities to
track targets with different characteristics (e.g., shape, color) during the deploy-
ment of the aerial manipulator. The trials have been performed considering three
different types of objects to track: 1) a planar pattern, 2) a custom 3D printed
object with a rectangular base housing a semicircle, and 3) a screwdriver tool,
which are targets with incremental complexity.

Fig. 9.8 demonstrates the use of KCF in the current guidance system. More
specifically, the figure provides snapshots of different instances from the on-
board visual sensor of the two objects, showing the ability to continuously
monitor the target that lies within the field of view of the camera.

9.6.3 Stereo based guidance

This section presents experimental trials of the guidance architecture of the
aerial manipulator system for a target monitoring mission. More specifically, the
end-effector of the aerial platform is autonomously guided to a desired position
relative to the target in an initially unknown environment, without performing
any physical interaction.

The mission behavior of the guidance system is presented in Algorithm 1.
Initially, the aerial vehicle takes off and navigates to a user-defined waypoint
using the high-level position control. When the MAV reaches the waypoint, the
target of interest lies within the field of view of the stereo camera. The next
step for the operator is to select the bounding box for the desired target, so
that the tracking algorithm can learn online the target for sequential detection,
as discussed in the previous section. A generic object of interest is placed on

Algorithm 1 Stereo guidance.
Take-off
Reach user commanded waypoint
Select object to track
for {i : 1 : #f rames} do

{xb, yb} ← Object Tracker
Pbounded ← Stereo Mapping(xb, yb)
xc, yc, zc ← Pointcloud processing(Pbounded )
q1, q2, q3, q4 ← Manipulator Joint configuration(xc, yc, zc)
pW,� ← Waypoint Extraction(xc, yc, zc)

end for
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FIGURE 9.8 Experimental tracking results for three different objects. In the first row, multiple
snapshots of the tracking process for the object 1 have been extracted; in the second row, multiple
snapshots of the tracking process for the object 2 have been extracted, while in the third row, multiple
snapshots of the tracking process for the object 3 have been extracted.

the top of a bar inside the flight arena. While the aerial platform hovers at the
initial waypoint, the depth from the stereo camera is converted into a pointcloud
and is processed using the refining methods to extract its 3D position from the
rest of the background. In this manner, the relative position between the MAV
body frame and the target is calculated. In parallel, the current position of the
manipulator is calculated from the forward kinematics to calculate the relative
transformation between the end-effector and the MAV base. Afterward, the end-
effector is driven to the final grasping configuration, based on the application
requirements, using its inverse kinematics. The joint configuration for the final
grasping is predefined but always considers the position of the object.
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Within this work, three experimental trials have been performed to showcase
the performance of the system in various situations. More specifically, experi-
ments one and two deal with the same target but different monitoring positions,
while experiment three presents the system operation with a different target.

Fig. 9.9 depicts the 3D trajectory followed by the aerial platform, while
Fig. 9.10 depicts the path of the end-effector position versus the execution time
of the experiment. xee, yee and zee correspond to the end-effector position mea-
surements in the W frame. Fig. 9.10 shows that the proposed approach was able
to perform the task and drive the end-effector close to the target approaching
the reference values in all axes. The object tracking process detected and kept
the object inside the cameras’ field of view during all the phases of the experi-
ment successfully. Moreover, the MAV is able to hover in front of the object at
a desired distance.

FIGURE 9.9 MAV actual trajectory derived from the experimental trials of the stereo-based guid-
ance. Case 1: relative distance with the target 25 cm. The developed guidance system contributes
to the task with the red (gray in print) and green (light gray) part of the overall trajectory. The red
part is followed after the extraction of the centroid, while in the green part, the robotic platform
is hovering. The blue (dark gray) parts of the trajectory constitute the initialization (hovering on a
fixed position) and termination phases (landing) of the experiment.

Similarly, Fig. 9.11 depicts the 3D trajectory followed by the aerial platform,
while Fig. 9.12 depicts the path of the end-effector position versus the execu-
tion time of the experiment. From the implemented tests the proposed approach
was able to perform the task and drive the end-effector close to the target. The
object tracking process detected and followed the object during all the phases
of the experiment successfully. Additionally, the method showed satisfactory
performance for extracting the target centroid position.

Finally, experiment three presents the deployment of the system to approach
a target with different shape and color. Fig. 9.13 depicts the 3D trajectory fol-
lowed by the aerial platform, while Fig. 9.14 depicts the path of the end-effector
position versus the execution iterations of the experiment. In this case, the ob-
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FIGURE 9.10 End-effector setpoints vs. the actual setpoints for the first experiment. The plots
represent the initialization phase (centroid and waypoint calculation, the waypoint following, the
hovering part relative to the target and finally the landing.

FIGURE 9.11 MAV actual trajectory derived from the experimental trials of the stereo-based
guidance. Case 2: the end-effector reaches the target. The developed guidance system contributes
to the task with the red (gray in print) and green (light gray) part of the overall trajectory. The red
part is followed after the extraction of the centroid, while in the green part the robotic platform is
hovering. The blue (dark gray) parts of the trajectory consist of the initialization (hovering on a fixed
position) and termination phases (landing) of the experiment.
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FIGURE 9.12 End-effector setpoints vs. the actual setpoints for the second experiment. The plots
represent the initialization phase (centroid and waypoint calculation, the waypoint following, the
hovering part relative to the target and finally the landing.

FIGURE 9.13 Snapshot from the experimental trials of the stereo-based guidance, depicting the
MAV hovering in front of the second object.
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FIGURE 9.14 End-effector setpoints vs. the actual setpoints for the third experiment. The plots
represent the waypoint following phase and the hovering part relative to the target.

ject has been placed in another part of the flying arena, and the main motion of
the aerial vehicle was in the x axis. The plots depict the trajectory following and
hovering parts of the manipulator guidance.
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Chapter 10

Machine learning for ARWs
Anton Koval, Sina Sharif Mansouri, and Christoforos Kanellakis
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

10.1 Introduction

In recent years, several experimental demonstrations with Micro Aerial Vehicles
(MAVs) have established increased robustness and technological performance in
constrained and well-defined lab environments. Nevertheless, this technology is
entering a new era with deployment in real-scale infrastructure environments
and the ability to demonstrate levels of high autonomy [1,2]. A characteristic
example of these novel developments is the integration of the Aerial Robotic
Workers (ARWs) in various underground mine inspection operations. Recent
technological advances allow human operators to use robots as a supportive
tool in search and rescue [3], visual infrastructure inspection [4], environmental
monitoring [5], etc., where a visible light camera is a common perception sensor.
However, the quality of the visual information may significantly degrade, while
working in night-time conditions. So, there are various lighting strategies to
guaranty proper illumination of the environment [1]. Alternatively, robots might
be equipped with thermal far-infrared cameras [6] that can perceive visual infor-
mation in dark environments, making them useful for temperature inspections
in agriculture, food-processing, and building industries, gas and fire detection,
and military applications [6] as depicted in Fig. 10.1.

FIGURE 10.1 Thermal imagery application examples. Image courtesy of FLIR Systems, Inc.

Subterranean environments are harsh, posing obstacles for flying vehicles,
including narrow and wide passages, reduced visibility due to rock falls, dust,
wind gusts, and lack of proper illumination. Moreover, they can have complex

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00016-0
Copyright © 2023 Elsevier Inc. All rights reserved.
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geometries with many crossings among the tunnels. These crossings have a ma-
jor impact on the ARWs navigation mission because, when not considered, they
can lead to a crash on the tunnel surface or a wrong turn, thus decreasing the
overall efficiency and performance of the ARWs to properly execute the mis-
sion. Therefore, it becomes a critical navigation capability for the aerial vehicle
to not only execute a designated task but also identify junctions and to provide
this information to the aerial planner for enabling a more safe and optimal over-
all mission execution.

Therefore, in this Chapter, we discuss an approach that allows ARW to
identify junctions and human workers using onboard forward facing cameras
for safe autonomous inspections of subterranean environments. The proposed
approach is based on transfer learning [7] that is used as a training method.
More specifically, the AlexNet [8] is selected for executing transfer learning,
mainly due to the success of AlexNet pre-trained Convolutional Neural Net-
work (CNN) features and the promising results that have been obtained from
several image classification datasets with transfer learning on AlexNet [9]. To-
ward this approach, images are extracted from the datasets of: a) an underground
mine in Chile [10], b) underground tunnels in Sweden [11], and c) FLIR ADAS
dataset [12]. These datasets are further classified manually. Then the last three
layers of AlexNet are replaced with a set of new layers for the classification
based on selected categories of images, and the network is trained from the
datasets. The obtained class for each image provides information from the lo-
cal surroundings of the vehicle, which can later be utilized for the autonomous
navigation and inspection in subterranean environments. Example of manual
classification of junctions in four categories of junctions is depicted in Fig. 10.2.

FIGURE 10.2 Example of junction types in the training datasets [10,11].

Autonomous navigation in unknown environments requires environmental
awareness, such as recognition of obstacles, junctions, dead-ends, etc. More-
over, navigation based on vision-based techniques for ARWs has received con-
siderable attention in recent years and has a large variety of application sce-
narios [13]. It should be noted that the navigation, based on a forward looking
camera, has been based mainly either on computer vision algorithms or on ma-
chine learning methods.

Toward computer vision-based navigation, most of the works focus on ob-
stacle detection methods. Thus in [14], a mathematical model to estimate the
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obstacle distance to the ARW was implemented for collision avoidance. How-
ever, the method provided poor results at high velocities and low illumination
environments. In [15], the combination of multiple vision-based components for
navigation, localization, mapping, and obstacle-free navigation of the MAV was
described. The obstacle avoidance scheme consisted of 3 stereo cameras for a
360◦ coverage of the MAV’s surroundings in the form of point clouds. However,
the proposed method relied on sufficient illumination, landmark extraction, and
high onboard processing power. In [16], random trees were generated to find the
best branch; the method was evaluated in indoor environments, and the paths
were calculated online, while the occupancy map of the perceived environment
was conducted. This method required, in general, high computation power to
process the images, calculate the best next point, and accurately localize and
store the previous information of the map in order to avoid revisiting the area.
Usually, the performance of the computer vision-based algorithms mainly re-
lies on the surrounding environment having good distinctive features and good
illumination and lighting conditions [14]. Furthermore, these methods require
high computation power to process the images and extract landmarks, factors
that could limit the usage of these methods in real-life underground mine appli-
cations.

There are few works using machine learning techniques for the problem of
navigation in indoor and outdoor environments, mainly due to the fact that these
methods require a large amount of data and a high computation power for train-
ing in most cases a CNN, which is an off-line procedure. However, after the
training, the CNN can be used for enabling autonomous navigation with much
lower computation power, especially, when compared to the training phase. The
works using CNN for navigation, such as [17], [18], and [19], utilized the image
frame of onboard camera to feed the CNN for providing heading commands
to the platform. These works have been evaluated and tuned in outdoor envi-
ronments and with a good illumination with the camera providing detailed data
about the surrounding of the platforms, while none of the works consider the
recognition of the junctions.

In [20], a CNN binary classifier was proposed for outdoor road junction
detection. Besides, the authors also considered the possibility of using the pro-
posed architecture for navigation and experimentally evaluated it on commer-
cially available MAV Bebop 2 from Parrot. The problem of junction detection
for outdoor environments was also addressed by [21], where machine learning
approach was used. In [22], the authors offered an architecture combining CNN,
Bidirectional LSTM [23] and Siamese [24] style distance function learning for
junction recognition in videos. In [23], a road intersection detection module
has been proposed. The developed method addressed the problem as a binary
classification using Long-Term Recurrent Convolutional Network (LRCN) ar-
chitecture to identify relative changes in outdoor features and, eventually, detect
intersections. These methods, mainly use binary classifier, while in real-life sce-
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narios more complex type of junctions exist and the junction recognition should
recognize the different types of junctions.

The rest of the Chapter is structured as follows. In Section 10.2, we present
the AlexNet architecture and the corresponding transfer learning. Then, in Sec-
tion 10.3, the dataset collection, the training of the network, and the evaluation
of the trained network are presented for the junction recognition and human
detection scenarios. Finally, Section 10.3.3 concludes the chapter.

10.2 AlexNet architecture

AlexNet [8] is one of the most used and studied CNN methods [25] that has
60 million parameters and 650,000 neurons. Thus, a large dataset is required
to train it. However, in this chapter, transfer learning is used due to the limited
available datasets. In this approach, the input of the AlexNet is a Red, Green,
and Blue (RGB) image with fixed size of 227 × 227 × 3 pixels, and it follows
with 2D convolutional layers of size 11 × 11 with an output size of 55 × 55 ×
96. Then it follows a 2D Max pooling layer of size 3 × 3 and an output of
27 × 27 × 96, followed with 2D convolutional layers of 5 × 5 and an output of
27 × 27 × 256. In the sequel, there is another max pooling of size 3 × 3 and
with an output of 13 × 13 × 256, which passes through 2D convolutional layers
of 3 × 3 with the same output size. Next, another 2D convolutional layers of
3 × 3 with an output size of 13 × 13 × 256, followed with a max pooling of
size 3 × 3 with an output of 6 × 6 × 256. The output passes through two fully
connected layers, and the last layer results are fed into a softmax classifier with
1000 class labels. To summarize, AlexNet consists of eight layers, five of them
are convolutional layers, and three of them are fully connected layers. Each
one of the first two convolutional layers are followed by an Overlapping Max
Pooling layer. The other three convolutional layers (third, fourth, and fifth) are
connected directly. Finally, the last convolutional layer (fifth) is followed by an
Overlapping Max Pooling layer. Fig. 10.3 depicts the overall utilized AlexNet
structure.

Max pooling layers are usually used in CNNs in order to reduce the size
of the matrices while keeping the same depth. On the other hand, overlapping
max pooling uses adjacent windows that overlap each other to compute the max
element from a window each time. This kind of max pooling has been proven to
reduce top-1 and top-5 error rates [8].

One of the main aspects of AlexNet is also the use of the Rectified Lin-
ear Unit (ReLU) [26]. The authors [8] proved that AlexNet could be trained
much faster using the ReLU nonlinearity than classical activation functions, like
sigmoid or tanh [27]. Actually, they tested their hypothesis on the CIFAR-10
dataset [28], and the ReLU-AlexNet achieved the same performance (25% train-
ing error) with the Tanh-AlexNet in one sixth of the epochs.
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FIGURE 10.3 AlexNet architecture and the transfer learning method.

10.2.1 Transfer learning

Transfer learning [26,29] for CNNs is generally used to refer to the process of
using an already trained CNN in another dataset, where the number of classes
to be recognized are different from the initial dataset, because it has been used
in different tasks and with various datasets. There are two main strategies for
Transfer Learning, with both of them using the same weights from the trained
AlexNet on the images from the ImageNet database [30].

The first one treats the CNN as a feature extractor by removing the last
fully connected layer. Then, one can use the features extracted from the trained
AlexNet in order to train a classifier like [31] for the new dataset. The second
one replaces the last connected layer and retrains the whole CNN for the new
dataset. This allows for a fine tuning of the trained weights.

10.3 Real-life scenarios

This section describes two real-life scenarios with utilization of CNN for sub-
terranean missions.

10.3.1 Junction detection

10.3.1.1 Data-set
For transfer learning of the AlexNet, two datasets from underground mine
and tunnels are selected. The first one is from the Chilean underground mine
dataset [10], which is collected by a Point Grey XB3 multi-baseline stereo cam-
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era, mounted with a forward facing orientation on the Husky A200. The camera
was operated at 16 fps and with a resolution of 1280 × 960 pixels. The second
dataset is collected from the underground tunnels in Luleå Sweden [11]. It was
collected manually with GoPro Hero 7 with resolution of 2704 × 1520 pixels
and a frame rate of 60 fps. In order to reduce the over-fitting of the CNN, the
images from the cameras are down-sampled, and few images are selected as
the camera approaches and passes the junction. As an example, Fig. 10.4 de-
picts the multiple images collected for the branch on the left of the tunnel. It
should be highlighted that the datasets from the Chilean underground mine con-
tain more variety of branches, especially when compared to the Luleå Sweden
underground tunnels dataset. Table 10.1 shows the overall number of images ex-
tracted from the video streams. Due to the Frame Per Second (fps) of the camera,
most of the images are similar in both datasets and only 488, 339, 333, and 350
images are extracted for left junction, left & right junctions, right junction, and
no junction, respectively.

FIGURE 10.4 Examples of extracted images from the visual camera in case of a left branch in the
tunnel. The images are extracted while the camera approaches and passes the junction (continuous
with a direct heading).

TABLE 10.1 The number of extracted images for each category
from the two datasets, while the redundant images are excluded
from the dataset.

left left & right right no junction

Chilean mine dataset 339 279 239 250

Sweden tunnels dataset 149 60 104 100

In the sequel, the dataset is manually classified into four categories of left
junction, right junction, left & right junctions, and no junction, and the last three
fully connected layers of the AlexNet are replaced with this set of layers that
will classify 4 classes instead of 1000 classes as depicted in Fig. 10.3. Sample
images of different areas of the Chilean underground mine dataset and the Luleå
Sweden underground tunnels are depicted in Figs. 10.5 and 10.6, respectively.

10.3.1.2 Training and evaluations of the CNN

Both datasets are combined for training the AlexNet, while the junctions that are
not included in the training dataset are used only for validation of the network.
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FIGURE 10.5 Examples of acquired images from the Chilean underground mine dataset [10].

Moreover, the images are resized to 227 × 227 × 3 pixels. The network was
trained on a workstation equipped with an Nvidia GTX 1070 GPU with mini-
batch size of 10, maximum number epochs of 6, a selected initial learning rate
of 10−4 and solved by the stochastic gradient descent [32] with momentum
optimizer. The trained network provides an accuracy of 100% and 89.2% on
training and validation datasets, respectively. Fig. 10.7 shows the accuracy and
loss of the training and validation dataset, respectively, while the loss function
for multi-class classification is defined as a cross entropy loss [26,33].

Moreover, Fig. 10.8 depicts the confusion matrix of the validation dataset,
while the rows correspond to the predicted class from the validation datasets,
and the columns correspond to the actual class of the dataset. The diagonal cells
show the number and percentage of the correct classifications by the trained
network. As an example, in the first diagonal, 45 images are correctly classified
to the left branch category, which corresponds to 25.9% of the overall number
of images. Similarly, 20 cases are correctly classified to left & right branch that
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FIGURE 10.6 Examples of acquired images from the Luleå Sweden underground tunnels.

correspond to 19.5% of all the validation dataset. Moreover, the off-diagonal
cells correspond to incorrectly classified observations, e.g., 2 and 3 images from
the left branch are incorrectly classified to left & right branch and right branch,
respectively, which corresponds to 10% of the left branch validation dataset or
1.1% and 1.7% of all the datasets, respectively. Similarly, for the right branch
12 images are incorrectly classified to left & right branches. Furthermore, the
right gray column displays the percentages of all the images predicted to belong
to each class that are correctly and incorrectly classified. On the other hand, the
bottom row depicts the percentages of all the examples belonging to each class
that are correctly and incorrectly classified. The cell in the bottom right of the
plot shows the overall accuracy. Overall, 90.2% of the predictions are correct
and 9.8% are wrong.

Moreover, Fig. 10.9 depicts 12 images from the validation dataset, while the
correct label and the classification of the AlexNet are shown for each image. It
should be highlighted that these images are excluded from the training datasets.
It is observed that the network has incorrectly classified the left junction and
right junctions images to left & right junctions, these images are from Chilean
dataset.

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



Machine learning for ARWs Chapter | 10 167

FIGURE 10.7 Accuracy and loss of the network on training and validation datasets.

Furthermore, Table 10.2 compares the training time, accuracy percent-
age, and loss [26] between three well-known pre-trained CNN architectures:
AlexNet, GoogleNet [34] and Inceptionv3Net [35]. As one can see from this
Table 10.2, the validation accuracy is smaller for the GoogleNet and signif-
icantly smaller for the Inception3Net. We think that this is due to the large
number of Convolutional layers of these two Networks when compared to the
AlexNet. Thus, more dataset is needed for these two networks, and this supports
our choice for the AlexNet network.

TABLE 10.2 The comparison of transfer learning between
AlexNet, GoogleNet, and Inceptionv3Net.

AlexNet GoogleNet Inceptionv3Net

Training time [sec] 995 891 1438

Training accuracy 100% 100% 100%

Validation accuracy 89.2% 74.1% 63.79%

Training loss 0.01 0.01 0.17

Validation loss 0.29 0.82 0.93
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FIGURE 10.8 The confusion matrix from the validation dataset.

10.3.2 Human detection

10.3.2.1 FLIR ADAS thermal dataset

In the transfer learning of the pre-trained AlexNet, a FLIR ADAS dataset was
used that allows detecting and classifying walking and cycling persons, dogs,
and vehicles under challenging conditions, including total darkness, fog, smoke,
inclement weather, and glare [12]. The dataset was recorded with a FLIR Tau2
camera operated at 30 fps and with a resolution of 640×512 pixels. In our case,
Fig. 10.10 depicts an example of the extracted images from the training dataset.

The second dataset is from Luleå Sweden underground tunnels. It was col-
lected manually with a FLIR Boson 640 camera with the resolution of 640×512
pixels and a frame rate of 60 fps. Since the thermal camera resolution is signif-
icantly lower than that of a visible light camera, the acquired images were not
down-sampled or cropped. Table 10.3 shows the total number of images that
were extracted from the dataset. While Fig. 10.11 illustrates several images col-
lected for the human detection in the underground tunnel.
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FIGURE 10.9 Examples of validation dataset, while the correct label is written on the left of the
images and the estimated class form AlexNet is written on top of each image.

TABLE 10.3 The number of extracted images for
each category from the training and the validation
datasets, while the redundant images are excluded.

human no humans

FLIR ADAS dataset 79 174

Sweden tunnels dataset 169 68

In the continuation, the dataset is categorized manually into two classes of
human and no human.
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FIGURE 10.10 Examples of the extracted images from the FLIR ADAS dataset in the case of a
human detection. The images are extracted while the camera approaches to the human.

FIGURE 10.11 Examples of acquired images from the Luleå Sweden underground tunnels for the
validation dataset.

10.3.2.2 Training and the evaluation
The FLIR ADAS dataset was used for training the AlexNet, while the Luleå
Sweden underground tunnels dataset is used for the validation of the network.
Additionally, as for the junction detection scenario, the images acquired from
the FLIR ADAS dataset were resized to 227 × 227 × 3 pixels. The CNN was
trained on a laptop equipped with an Nvidia MX 150 GPU while keeping the
set of training parameters, initial learning rate, and solving method as in the
first scenario. The trained network has a 100% accuracy on the training dataset,
while the accuracy on the validation dataset was equal to 98.73%. The outcome
of the CNN training is depicted in Fig. 10.12, which shows the accuracy and
loss, while training and validation of the dataset. In this scenario, for classifi-
cation, the losses were also defined as a cross-entropy loss function [26,33].
Furthermore, Fig. 10.13 shows the confusion matrix of the validation dataset.
Where the rows from the validation dataset correspond to the predicted class,
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FIGURE 10.12 Accuracy and loss of the network on training and validation datasets.

FIGURE 10.13 The confusion matrix from the validation dataset.

and the columns refer to the actual class of the dataset. The diagonal cells show
the number and percentage of the trained CNN’s proper classifications. For ex-
ample, 71 images are correctly categorized in the first diagonal into the category
human, which corresponds to 31.1% of the total number of images. Likewise,
157 instances are correctly classified as no humans corresponding to 68.9% of
the entire validation dataset. In addition, the off-diagonal cells correspond to
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wrongly labeled results, leading to 0.0% error. Additionally, the right gray col-
umn indicates the percentages of all the images that are expected to belong to
each class that are correctly and faultily categorized. On the other hand, the bot-
tom row displays the percentages of all the examples belonging to each class,
which are listed correctly and faultily. The cell located on the plot’s bottom
right indicates the overall precision. Overall, 100.0% of predictions are right,
and 0.0% are incorrect.

Similar to the junction detection scenario, the obtained results were com-
pared with two other pre-trained networks, namely the GoogleNet [34] and the
Inceptionv3Net [35], which are depicted in Table 10.4. As can be seen, the vali-
dation accuracy for GoogleNet is lower, and for Inception3Net, it is significantly
lower. We suppose that such a result is caused by the larger amount of the convo-
lutional layers in these two networks, and it allows in concluding that GoogleNet
and Inception3Net, require bigger datasets. Such an outcome makes our choice
of AlexNet more reasonable.

TABLE 10.4 The comparison of transfer learning performance
between AlexNet, GoogleNet, and Inceptionv3Net.

AlexNet GoogleNet Inceptionv3Net

Training time [sec] 186 265 2012

Training accuracy 100% 100% 100%

Validation accuracy 98.73% 77.64% 29.11%

Training loss 0.0036 0.008 0.17

Validation loss 0.041 0.51 1.04

10.3.3 Conclusions

In this Chapter, it was presented a framework based on CNN for detecting tun-
nel crossing/junctions and humans in underground mine areas, envisioning the
application of ARWs autonomous deployment for inspection purposes. Within
the emerging field of underground applications with ARWs, junction and human
detection have been identified as fundamental capabilities for the ARW’s risk-
aware autonomous navigation. Moreover, inspired by the concept of lightweight
aerial vehicles, the provided generic solution allows for keeping the hardware
complexity low, relying only on a perception sensor. It feeds the image stream
from the vehicle’s onboard forward-facing camera in a CNN classification ar-
chitecture expressed in four and two categories. The AlexNet model has been
incorporated into a transfer learning scheme for the novel proposed classifica-
tion categories, detecting humans and multiple branches in underground envi-
ronments. The method has been validated by using datasets collected from real
underground environments, demonstrating its performance and merits.
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Chapter 11

Aerial infrastructures inspection
Vignesh Kottayam Viswanathan, Sina Sharif Mansouri, and
Christoforos Kanellakis
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

11.1 Introduction

ARWs equipped with remote sensing instrumentation are emerging in the last
years due to their mechanical simplicity, agility, stability, and outstanding auton-
omy in performing complex maneuvers [1]. A variety of remote sensors such
as visual sensors, lasers, sonars, thermal cameras, etc. could be mounted on-
board the ARW, while the acquired information from the ARW’s mission can
be analyzed and used to produce sparse or dense surface models, hazard maps,
investigate access issues, and other area characteristics. However, the main prob-
lems in these approaches are: 1) Where am I (the basic question)? and 2) What
should I do? To be more specific, the information on the location of the agent
is critical for succeeding the missions and guaranteeing the full coverage of the
area. These fundamental problems are directly related to the autonomous path
planning of aerial vehicles.

This chapter demonstrates the application of an aerial tool for inspecting
complex 3D structures with multiple agents. In this approach, the a priori cov-
erage path is divided and assigned to each agent based on the infrastructure
architectural characteristics to reduce the inspection time. Furthermore, to guar-
antee a full coverage and a 3D reconstruction, the introduced path planning,
for each agent, creates an overlapping visual inspection area, that will enable
the off-line cooperative reconstruction. This chapter presents the direct demon-
stration of the applicability and feasibility of the overall cooperative coverage
and inspection scheme with the ARWs for outdoors scenarios without the uti-
lization of any external reference system, e.g., motion capture systems. This
demonstration has a significant novelty and impact as an enabler for a continu-
ation of research efforts toward the real-life aerial cooperative inspection of the
aging infrastructure. This concept that has never been presented before, to the
authors’ best knowledge, outdoor and with a real infrastructure as a test case.
In the outdoors demonstrations, the ARWs have been autonomously operated
on the basis of odometry information from Ultra-Wide Band and inertial sensor
fusion and without any other support on localization, which adds more com-

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00017-2
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plexity and impact on the acquired results. The image and pose data on board
the platform were post processed to build a 3D representation of the structure.
The rest of the Chapter is structured as follows. The proposed C-CPP method is
presented in Section 11.3, which is followed by a brief description of the 3D re-
construction part from multiple agents in Section 11.4. In Section 11.5, multiple
simulation and experimental results are presented that prove the efficiency of
the established scheme. Following with lessons learned in Section 11.6. Finally,
the chapter is concluded in Section 11.7.

11.2 Problem statement

In the corresponding problem statement, multiple aerial robots will be employed
and will address the problem of autonomous, complete, and efficient execution
of infrastructure inspection and maintenance operations. To facilitate the neces-
sary primitive functionalities, an inspection path-planner that can guide a team
of ARWs to efficiently and completely inspect a structure will be implemented.
The collaborative team of ARWs should be able to understand the area to be
inspected, ensure complete coverage, and create an accurate 3D reconstruction
to accomplish complex infrastructure inspection. Relying on the accurate state
estimation, as well as the dense reconstruction capabilities of the collaborative
aerial team, algorithms for the autonomous inspection planning should be de-
signed to ensure full coverage.

Let � ⊂ R
3 be a given region that can have multi-connected components

(complex structure), while we also consider the finite set

� = {Ci : i ∈ In = {1,2, . . . , n}} (11.1)

of cells

Ci =
{
(xi, yi, zi) ∈ R

3 : (x, y, z)
}

(11.2)

denoting the camera specification and position. The placement of the cells
Ci can be defined by the translation ui = (xi, yi, zi) and the orientation vec-
tor o = {φ, θ,ψi}, i ∈ In, while the set of translated and orientated cells
Ci(ui, oi) is expressed by �(u,o), where u = {u1, u2, . . . , un} ∈ R

3n and o =
{o1, o2, . . . , on} ∈ R3n with 0 ≤ oi ≤ 2π .
The 3D polygonal

P(ui, oi, n) =
n⋃

i=1

Ci(ui, oi) (11.3)

represents the region covered by the union of the cells Ci , while �∗ is a cover
of � if there exists a solution such that

� ⊂ P(ui, oi, n) =
⋃
i∈In

Ci(ui, oi) (11.4)
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Moreover, several cases arise in the interaction between the two cells Ci(ui, oi)

and Cj (uj , oj ) with i �= j , ui = (xi, yi, zi), oi = (φi, θi,ψi), uj = (xj , yj , zj )

and oj = (φj , θj ,ψj ), where mainly determined by:

Ci(ui, oi) ∩ Cj(uj , oj ) = ∅
Ci(ui, oi) ∩ Cj(uj , oj ) �= ∅ (11.5)

Additionally, the cases of Ci(ui, oi) ⊂ Cj(uj , oj ) and Cj (uj , oj ) ⊂ Ci(ui, oi)

are not considered when dealing with the coverage problem because it is con-
trary to the optimality of the path to have a substantial overlapping for visual
processing and cover the whole surface of the under inspection object.

11.3 Coverage path planning of 3D maps

Initially, for the establishment of the Collaborative Coverage Path Planning (C-
CPP), the general case of a robot equipped with a limited Field of View (FoV)
sensor is considered, determined by an aperture angle α and a maximum range
rmax , as depicted in Fig. 11.1. Furthermore, � ∈ R

+ is the user-defined offset
distance (� < rmax), from the infrastructure’s target surface, and 	λ is the dis-
tance between each slice plane. 	λ is equal to �

2 tanα/2 based on Fig. 11.1.
In order to guarantee overlapping, the parameter β ∈ [1,+∞) was introduced
and substituted in 	λ formulation that resulted in 	λ = �

β
tanα/2, where β

represents the ratio of overlapping. This means that in the case where β = 1, it
results in a minimum overlapping, and when β → +∞, it reaches the maximum
overlapping between each slice.

FIGURE 11.1 The Micro Aerial Vehicle (ARW) FoV (regenerated from [2]).

The proposed C-CPP method operates off-line, and it assumes that the 3D
shape of the infrastructure is known a priori. The execution of the proposed
cooperative inspection scheme is characterized by the following six steps: 1)
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slicing and intersection, 2) clustering, 3) adding offset from the infrastructure’s
surface, 4) path assignment for each ARW, 5) trajectory generation, and 6) on-
line collision avoidance. This algorithmic approach is depicted in Fig. 11.2. It
should be noted that this scheme has extended the approaches presented in [3]
and [4] to multiple robots. Additionally, it should be highlighted that the main
scope of the paper is not to find the optimal path but rather to solve the problem
of cooperative coverage under geometric approaches. This problem could be
formulated as a Mixed-Integer nonlinear programming one that has been already
studied in the literature, and it is well known as the Multiple Traveling Sales-
man problem. This is a Non-deterministic Polynomial-time (NP) hard problem,
where the complexity is exponentially increased by the number of cities/points.
Thus, solving the complete problem is non-feasible and is not presented in this
chapter.

FIGURE 11.2 Block diagram of the overall proposed C-CPP scheme.

11.3.1 Slicing and intersection

The 3D map of the infrastructure is provided as a set S with a finite collec-
tion of points denoted as S = {pi}, where i ∈ N and pi = [xi, yi, zi]� ∈ R

3. To
be more specific, S represents a point cloud of the 3D object under inspection,
where the points pi , i ∈ N are defined by x, y, and z coordinates and can be
extracted from CAD or a 3D model of the structure. Additionally, in the con-
cept of aerial inspection and based on all the use case scenarios that have been
examined, there is always a practical way in approaching an infrastructure with
a simpler geometrical 3D shape. This assumption can be applied to almost all
artificial structures without loss of generality, while the dimensions of this 3D
shape simplistic approach can be realized based on in situ simple measurements
or by blueprints. As it will be presented in the reconstruction results, the ini-
tial assumption of the 3D shapes is needed only for the determination of the
path planning, while the final reconstructed results and point clouds have the re-
quired quality for creating a detailed and dense reconstruction. Thus, in the field
of aerial inspection, even if a detailed 3D model of the structure is provided, the
structure model can be further simplified in order to assist the generation of the
flight paths for the ARWs.
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As an illustrative example, in the complicated case of a wind turbine, the struc-
ture could be modeled by five different cylinder shapes for the tower, the hub,
and the three blades. This geometrical assumption does not reduce the gener-
ality of the geometric approach; at the same time, it can be indirectly utilized
as a means to create flying paths with an inherent level of safety for avoiding
collisions with the infrastructure.

The map S is then sliced by multiple horizontal planes, defined as λi ,
with i ∈ N. The value of λi started from minz S(x, y, z) + 	λ and ended with
maxzS(x, y, z) − 	λ. Thus, in this case, the horizontal plane translates verti-
cally along the z-axis, while increasing the distance from the current slice, until
reaching the maximum value. The intersection between the 3D shape and the
slice can be calculated as follows:

�i = {(x, y, z) ∈R
3 :< �n,S(x, y, z) > −λi = 0} (11.6)

where �i (x, y, z) are the points of the intersection of the plane, S, �n ∈ R
3 is

the vector perpendicular to the plane, λi defines the location of the plane, and
< ., . > is the inner product operation. In the examined case, for simplicity the
planes are chosen to be horizontal �n = [0,0,1]�. The slicing and intersection
scheme is presented in Algorithm 1, while the overall concept is depicted in
Fig. 11.3.

Algorithm 1 Slicing and intersection.
Require: Points of 3D shape S(x, y, z), 	λ

1: λ = minz S(x, y, z) + 	λ

2: while λi ≤ maxzS(x, y, z) do
3: �i = {(x, y, z) ∈R

3 :< �n,S(x, y, z) > −λi = 0}
4: Clustering() ; see Section 11.3.2.2
5: λi+1 = λi + 	λ

6: end while

11.3.2 Clustering

In the case of convex infrastructures, there is at most one cluster of points in
any slice, while for complex structures, there will be more than one cluster in
each slice. A cluster is defined by the number of branches of the structure, e.g.,
Fig. 11.4 shows the intersection points �i(x, y, z) of the non-convex object with
multiple branches in 2D, which results in a maximum of 3 clusters in λi−k .
The set of points in �i (x, y, z) (as obtained from Algorithm 1) is multi-modal.
Thus, in order to complete the overall C-CPP task, it is critical to recognize the
number of clusters and group the data elements (via clustering) for further task
assignments of the agents.
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FIGURE 11.3 Concept of plane slicing and intersection points.

FIGURE 11.4 Intersection points of non-convex object with multiple branches.

11.3.2.1 Number of clusters
Clusters in �i (x, y, z) are defined through connectivity by calculating the num-
ber of paths that exist between each pair of points. For some points to belong
to the same cluster, they should be highly connected to each other. As shown
in Fig. 11.4, they can be connected on the basis of their distances. In order to
obtain the number of clusters, graph theory [5] will be utilized; thus, initially
the adjacency matrix A is generated. The adjacency matrix A is formed on the
basis of the Euclidean distance ||d|| of the points. If the distance of two points is
less than dmin, then the points are connected. Moreover, for selecting the value
of dmin, the size of the agent is considered; if the agent cannot pass through two
points, they are assumed to be connected. In the next step, the degree matrix
D(a,b) is generated, which is the diagonal matrix, and the elements of the di-
agonal D(a,a) show the number of connected points to the ath point. Later on,
the Laplacian matrix L is calculated from the subtraction of the adjacency ma-
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trix and the degree matrix A − D. Finally, the eigenvalues of L are calculated.
The number of zero eigenvalue corresponds to the number of the connected
graphs. The detailed process is presented in Algorithm 2.

Algorithm 2 Number of clusters.
Require: �i (x, y, z), dmin

1:

2: for a , b ∈ �i do ;a,b are two pairs of points
3: ||d|| =√

(xa − xb)2 + (ya − yb)2

4:

5: if d < dmin then
6: A(a,b) = 1
7: end if
8: end for

9: D(a,b) =
{

# of ones inathrow ofA a == b

0 a �= b

10: L = A − D; Laplacian matrix
11: E = eig(L); eigen values of Laplacian matrix
12: k = # of E == 0; Number of clusters

11.3.2.2 Graph clustering
The existing global clustering approaches are capable of dealing with up to a
few million points on sparse graphs [6]. More specifically, in global cluster-
ing, each point of the input graph is assigned to a cluster in the output of the
method. Mixed Integer Programming (MIP) clustering and K-means clustering
approaches can be used as a global method for graph clustering.

In general, the K-means method’s objective function can be solved in differ-
ent approaches, while in this chapter, the minimization of the point’s distance to
the center of the k clusters is considered. This formulation can be solved by dif-
ferent optimization algorithms, such as sequential quadratic programming [7] or
MIP [8]. An alternative approach to this problem is to formulate the optimiza-
tion problem as a minimization of the diameter of the clusters and solve it by
MIP [9] or Branch-and-Bound algorithms [10,11]. Each method has its pros and
cons that have been presented extensively in the relevant literature, e.g., in [6],
where it has been presented that explicit optimization techniques such as MIP
or Branch and Bound (BnB) algorithms can be used for reducing the necessary
enumerations, but even with such savings, global searches remain impractical
as that they are computationally expensive and complete enumeration of every
possible partition is not possible [12]. On the other hand, the K-means algorithm
can scan a large data set once and produces a clustering using small memory
buffers, and thus it has been selected in the presented approach. In general, the
clustering approach is a unique problem, and it will not be considered in de-
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tail in this chapter; however, K-means and MIP diameter clustering methods are
studied and compared.

The challenge in using clustering algorithms is to determine the number of
the clusters in a data set (Algorithm 2). The K-means clustering algorithm is
used with a priori knowledge of the number of clusters k. The K-means cluster-
ing [13] is a combinatorial optimization problem that assigns m sets to exactly
one of k (k < m) clusters, while minimizing the sum of the distances of each
point in the cluster to its respective center. The utilization of the cluster al-
gorithm can categorize the points, independently of the order of them or the
direction of slicing to the object, while providing the center of each cluster,
which is utilized for the calculation of the reference yaw angle for the agents.
The algorithm is presented below.

Algorithm 3 K-means.
Require: �i(x, y, z), k

1: Choose k initial cluster centers Ci .

2: Calculate min
�i

k∑
i=1

∑
�i

||[x, y, z]� − Ci ||
3: Assign points to the closest cluster center.
4: Obtain knew centers by computing the average of the points in each cluster
5: Repeat lines 2 to 4 until cluster assignments do not change

Moreover, in the MIP diameter clustering method, the objective function is
to minimize the maximum diameter of the generated clusters with the goal of
obtaining compact clusters. This criterion was previously studied in [9]. It is
assumed that the number of desired k clusters is known from Section 11.3.2.1,
while the mathematical formulation of the model MIP diameter, is provided in
the following equation:

min Dmax (11.7a)

s.t. Dc > dij xicxjc ∀i, j = 1, . . . , n, c = 1, . . . , k (11.7b)
c=k∑
c=1

xic = 1 (11.7c)

Dmax ≥ Dc ∀c = 1, ..., k (11.7d)

xic ∈ {0,1} ∀i = 1, . . . , n, c = 1, . . . , k (11.7e)

Dc ≥ 0 ∀c = 1, . . . , k (11.7f)

where Dc is the diameter of the cluster c, Dmax is the maximum diameter among
the generated clusters, dij is the distance between two points, n is the total num-
ber of points, xic is the binary decision variable that represents the assignment to
a particular cluster, and equals 1 if i is assigned to c and 0 otherwise. Eq. (11.7b)

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



Aerial infrastructures inspection Chapter | 11 183

ensures that the diameter of cluster c is allowed to be at least the maximum dis-
tance between any two data points in cluster c, while Eq. (11.7c) guarantees that
each point is assigned to only one cluster and Eq. (11.7d) sets the variable Dmax

equal to the value of the maximum diameter. The optimization has kn binary
variables and k+1 continuous variables. As it is suggested in [9], a MIP CPLEX
solver [14] and a heuristic approach are used to solve the problem. In Fig. 11.5, a
dataset is presented where the global optimal solution for a clustering is known a
priori. In each simulation a dataset with different number of points, n is studied,
and the corresponding performance of the MIP clustering and K-means is com-
pared. All the simulations have been performed in MATLAB® on a computer
with an Intel Core i7-6600U CPU, 2.6 GHz and 8 GB RAM.

FIGURE 11.5 Dataset for 4 clusters.

Furthermore, Fig. 11.6 shows that the computational time of the MIP clus-
tering method is increasing exponentially with the number of points when com-
pared to the K-means algorithm. Thus, in this chapter, the K-means has been
utilized without loss of generality with an overall aim for an online application
of the proposed overall scheme, and, additionally, a case by case comparison is
presented in Section 11.5 with a corresponding discussion.

11.3.2.3 Convex hull
It is important for the coverage algorithm that waypoints are not inside the object
and guarantee full surface inspection. If the provided 3D model is not hollow,
some waypoints are located inside the object. These points are not reachable
during coverage mission and should not be considered. Therefore, a convex
hull [15] algorithm is used to form the smallest convex set that contains the
points in R

2. However, using the convex hull, without clustering the point sets,
results in a loss of some parts of the object in R

2. Fig. 11.7 depicts the result
of the convex hull before the generation of clustered point sets. In order to pro-
vide convex sets without loss of generality the quickhull [15] algorithm is used
(Algorithm 4).
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FIGURE 11.6 Computation time of the MIP clustering method and the K-means compared to the
number of the points.

FIGURE 11.7 Convex hull example without clustering.

11.3.3 Adding offset

In the proposed C-CPP scheme, the ARW should cover the offset surface, which
has a fixed distance � from the target surface, with the size of the agent also
considered in �. A distance that can be considered as a safety distance � is kept
constant, and it is continuously adapted to the infrastructure’s characteristics.
For a considered set of cluster C(x, y, z), its offset path OP can be written as:

OP(xj , yj , zj ) = C(xj , yj , zj ) ± ��nj , (11.8)

where �nj is the normal vector at the j th point, and ± presents the direction of the
normal vector; more details about the addition of the offset strategy can be found
in [16]. Fig. 11.8 shows some examples in calculating OP for four different
shapes of infrastructure, such as circular, square, hexagonal, and triangular. In
each of these shapes, the desired offset path with � = 1 m was calculated, while
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Algorithm 4 Quickhull for the convex hull in R
2.

Require: the set Clusteri of n points
function QUICKHULL

Find the points with minimum and maximum x coordinates pi = {(xmin, yi)},
pj = {(xmax, yj )}.
Segment pipj divides the remaining (n − 2) points into 2 groups Gi and Gj

convexhull={pi,pj }
FINDHULL(Gi,pi,pj )
FINDHULL(Gj,pj ,pi)
end function
function FINDHULL(Gk,pi,pj )

if Gk = {} then
Return

end if
Find the farthest point pf , from segment pipj

Add point pf to the convex hull at the location between pi and pj

Clusteri is divided into three subspaces by pi , pj , and pf .
convexhull=convexhull ∪{pf }
FINDHULL(Gi,pi,pf )
FINDHULL(Gj,pf ,pj )
end function

in all the cases, the ARW flew parallel to the edges, with a constant distance
of � until the next vertex was reached and while keeping the � distance while
flying to the next edge.

FIGURE 11.8 Example of adding offset to different shapes.
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11.3.4 Path assignment

For sharing the aerial infrastructure inspection to multiple ARWs, two different
cases have been considered; one where there is only one (m = 1) branch, and
the other where there are multiple branches (m > 1). In the first case, each agent
should cover a part of the branch, while in the case of two agents, θa and θb

have a difference of 180◦ for equal space between the points. In the case of
more than one branch, the ARWs should be equally distributed between the
branches, where the policy of assigning each agent to each branch is shown in
Algorithm 5.

Algorithm 5 C-CPP based assignment of ARWs to branches policy.
1: Assume to have n agents and m branches (n ≥ m).
2: if m == 1 then
3: All n agents go in the same slice.
4: end if
5: if m > 1 AND n > 1 then
6: n agent equally distributed.
7: end if

11.3.5 Trajectory generation

The resulting waypoints are then converted into position-velocity-yaw trajec-
tories, which can be directly provided to the utilized linear model predictive
controller, cascaded [17] over an attitude-thrust controller. This is done by tak-
ing into account the position controller’s sampling time Ts and the desired
velocity along the path �Vd . These trajectory points are obtained by linear in-
terpolation between the waypoints, in such a way that the distance between two
consecutive trajectory points equals the step size h = Ts || �Vd ||. The velocities are
then set parallel to each waypoint segment, and the yaw angles are also linearly
interpolated with respect to the position within the segment.

11.3.6 Collision avoidance

In order to avoid collisions, the following method is used to guarantee the max-
imum distance between the ARWs. Assuming n agents and a set of points
Pi (x, y, z) ⊂ �i (x, y, z) assigned for ith agent, the following optimization
problem is solved sequentially for each agent to find the points with a safety
distance with respect to the other agents and the minimum distance to the cur-
rent position of the agent (Eq. (11.9)). The collision avoidance scheme that will
be described later has been performed under the following assumptions: 1) the
� is large enough to avoid the collision of agents to the object, 2) the distance
between the branches of the object is more than the safety distance ds , so the
agents in separate branches cannot collide, and 3) entering and leaving of the
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agents, for each cluster, is a collision free path.

min
pi

||pi − p∗
i ||

|| �dj || > ds

pi(xj , yj , zj ) ∈Pi

j ≥ 2

(11.9)

where pi is the current position, p∗
i is the future position of the ith agent, || �di ||

contains the distances of the ith agent from the rest of the agents.
The above optimization is an Integer Linear Programming problem, as the op-
timization procedure should find the (xj , yj ) ∈ Pi for each agent in order to
minimizes the distance of the waypoints, guaranteeing collision free paths for
each agent. The overall algorithm is also presented in Algorithm 6, where the
operator “\” denotes the relative complement calculation and is defined as fol-
lows:

Pi \ pi = {(x, y, z) ∈Pi | (x, y, z) /∈ pi} (11.10)

Algorithm 6 Collision avoidance between agent.
Require: pi,Pi (x, y, z), n, ds

1: for i = 2, . . . n do
2: Compute p∗

i using (11.9)
3: pi ← p∗

i

4: Pi ←Pi \ pi

5: end for

Moreover, when the agents have to change a branch, they may collide with the
object as the C-CPP only provides the initial point (xs, ys, zs) and the destina-
tion point (xd, yd, zd) for moving the agent from one branch to another branch.
Thus, in general, it is possible that the intermediate points in this path are closer
than the safety distance or inside the object. For avoiding these cases, the line is
produced by connecting the initial point and destination. If the points of the line
L(x, y, z) are closer than the safety distance dso to the object, an offset value dof

is added until the distance is larger than the safety distance (Algorithm 7). The
direction of adding the safety distance corresponds to the center of the cluster
as calculated in (Section 11.3.3).

11.4 Multiple agent visual inspection

As stated, the C-CPP method is targeting the case of autonomous cooperative
inspection by multiple aerial ARWs. Each aerial platform is equipped with a
camera to record image streams and provide a 3D reconstruction of the in-
frastructure. More specifically, two main approaches have been considered to
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Algorithm 7 Collision avoidance to the object.
Require: initial point=(xs, ys, zs) and destination point=(xd, yd, zd)

1: L(x, y, z) = x−xs

xd−xs
= y−ys

yd−ys
= z−zs

zd−zs

2: for (xa, ya, za) ∈L(x, y, z) do
3: ||d|| =√

(xa − xb)2 + (ya − yb)2 + (za − zb)2

4: where (xb, yb, zb) ∈ S(x, y, z)

5: if ||d|| < dso then
6: flag=1
7: else
8: Do NOTHING
9: end if

10: end for
11: if flag==1 then
12: Add offset value dof to (xs, ys, zs) and (xd, yd, zd) → (x′

s , y
′
s , z

′
s) and

(x′
d, y′

d , z′
d)

13: L(x, y, z) = x−x′
s

x′
d−x′

s
= y−y′

s

y′
d−y′

s
= z−z′

s

z′
d−z′

s

14: go to line 2
15: end if

obtain the 3D model of the infrastructure using either stereo or monocular
camera mapping. In both cases, the aim is to merge the processed data from
multiple agents into a global representation. The selection between these two
approaches depends mainly on the application’s needs and the object’s struc-
ture. The perception of depth using stereo cameras is bounded by the stereo
baseline, essentially reducing the configuration to monocular at far ranges. For
the monocular case, the employed Structure from Motion (SfM) approach, that
provides a 3D reconstruction and camera poses using different camera view-
points, induces the need to solve a large optimization problem. In this chapter,
however, both methods were used as a proof of concept and will be presented in
Section 11.5.

11.4.1 Stereo mapping

Generally, in the stereo visual mapping case, each robot provides an estimate of
its pose and a reconstruction of the environment in its local coordinate frame.
In the developed case, the agents localize themselves in the coordinate frame
of the global localization system (e.g., motion capture system) and integrate
this odometry information in the stereo SLAM [18] algorithm. All the gener-
ated pointclouds, from the individual agents, are expressed in the coordinate
frame. In the case of n agents, each agent covers a specific area around the ob-
ject of interest, reconstructing a unique map. Thereafter, each of the n created
maps are merged through the Iterative Closest Point (ICP) [19] algorithm to
form a global representation of the whole structure. This technique takes two
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point sets as inputs, � and Z (Algorithm 8), and calculates the 3D transform
τ that expresses the relative pose between them using a set of filtered corre-
sponding points f (�) and f (Z). The transform is estimated by minimizing the
error Eer = ∑N

j=1 (‖τ(ξj ) − ζi‖2). Then, τ is applied to align the point sets in
a common frame. The output is a global point set M that represents the 3D re-
construction of the whole scene. Thus, it is important that the agents cover a
common part of the scene in order to align the individual maps. The process is
performed off-line.

Algorithm 8 Stereo 3D reconstruction.
1: function ICP FRAME ALIGNMENT

2: Map 1 point set � = ξ1, ξ2, ξ3, · · · , ξN

3: Map 2 point set Z = ζ1, ζ2, ζ3, · · · , ζN

4: Extract point features (�) → f (�)

5: Extract point features (Z) → f (Z)

6: Match f (�) and f (Z)

7: Filter false matches and remove outliers
8: min

τ
Eer = ∑n

j=1 (‖τ(ξj ) − ζi‖2)

9: Apply transform τ and align point sets
10: end function
11: function VISUAL SLAM
12: Frame location initialization (Feature Detection, Visual word vocabulary)
13: Loop closure detection
14: Frame location to pose graph
15: Pose graph optimization
16: Pointcloud with corresponding pose → M

17: end function
Assume to have n agents

18: for agent i do
19: Visual SLAM → M i ; 3D map generated for each agent
20: end for
21: Merge Maps
22: for i : 1 : #maps do
23: ICP FRAME ALIGNMENT(M i) → global map M ; Agents with common

scene coverage
24: end for

The basis for the 3D reconstruction is a state-of-the-art stereo mapping al-
gorithm known as RTABMap [20] SLAM. This algorithm is suitable for large
scale operations and fits well for complex structure mapping. More specifically,
RTABMap is an appearance based Localization and Mapping algorithm that
consists of three parts: the visual odometry, the loop closure detection, and the
graph optimization part.
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Initially, the algorithm identifies features in images and builds a visual word
vocabulary [21] for loop closure processing. This process is used to determine
whether a new image location has been previously visited. Then, the next step
is to project the feature locations from the image to 3D using the depth mea-
surements, through a filtering step to remove outliers. If features are identified
in previous frames, the frame is added as a node in the pose graph, while a
Bayesian filter keeps track of the loop closure cases. When loop closure is iden-
tified, the image location is added in the graph that holds the map M i . Finally,
pose graph optimization and Bundle Adjustment are performed to refine the es-
timated location. The aforementioned process is described in Algorithm 8.

11.4.2 Monocular mapping

In the monocular mapping case, the incremental SfM [22,23] technique is used
to build a reconstruction of the object under inspection. While the aerial agents
follow their assigned path around the object of interest, the image streams from
the monocular cameras of the agents are stored in a database. In the SfM process,
different camera viewpoints are used off-line to reconstruct the 3D structure.
The process starts with the correspondence search step, which identifies over-
lapping scene parts among input images. During this stage, feature extraction
and algorithm matching between frames is performed to extract information
about the image scene coverage. Following this, the geometric verification us-
ing the epipolar geometry [24] to remove false matches takes place. In this
approach, it is crucial to select an initial image pair I 1 and I 2 with enough
parallax to perform two-view reconstruction before incrementally registering
new frames. Firstly, the algorithm recovers the sets of matched features f1 and
f2 in both images. Next, it estimates the camera extrinsics for I 1 and I 2 us-
ing the 5-point algorithm [25], decomposing the resulting Essential matrix Ees

with Singular Value Decomposition (SVD) and, finally, builds the projection
matrices P i = [Ri |t i] that contain the estimated rotation and translation for
each frame. Then, using the relative pose information, the identified features
are triangulated to recover their 3D position X3D . Afterward, the two-frame
Bundle Adjustment refines the initial set of 3D points, minimizing the reprojec-
tion error. After this initialization step, the remaining images are incrementally
registered in the current camera and point sets. More specifically, the frames
that capture the largest amount of the recovered 3D points are processed by the
Perspective-n-Point (PnP) [26]. This algorithm uses 2D feature correspondences
to 3D points to extract their pose. Furthermore, the newly registered images will
extend the existing set of the 3D scene (X3D) using multi-view triangulation.
Finally, a global Bundle Adjustment is performed on the entire model to correct
drifts in the process. The aforementioned process is described in Algorithm 9.
During the coverage tasks, the agents fly autonomously based on visual inertial
odometry (Section 11.5). The absolute scale of the reconstructed object can be
recovered by combining full-pose annotated images from the onboard localiza-
tion of the camera.
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Algorithm 9 Monocular 3D reconstruction.
1: function TWO-VIEW RECONSTRUCTION

2: Detect features (f1, f2) in frames (I 1, I 2)
3: Match f1 and f2 between I 1 and I 2
4: Remove false matches → inlier matches (f̂1, f̂2) ; Geometric Verification
5: 5-point(I 1, I 2, f1, f2) → Es ; Essential Matrix
6: SVD(Es) → R, t ; Relative Camera Pose
7: Projection matrices P 1, P 2 → P 1 = [I |0], P 2 = [R|t] Triangulate(I 1, I 2,

f1, f2, P 1, P 2) → X3D ; 3D points
8: Bundle Adjustment(f1, f2, P 1, P 2, X3D)
9: end function

10: Import initial pair I 1, I 2
11: TWO-VIEW RECONSTRUCTION(I 1, I 2, X3D)
12: for i : 1 : #f rames do
13: Import new camera frame Ii

14: PnP(I i , X3D) → P i ; ith projection matrix, new frame registered
15: Multi-view Triangulation →X3D

new = X3D,X3D
i,k ; Augment existing 3D

structure.
16: Bundle adjustment(fi , P i , X3D

new)
17: end for

11.5 Results

In this section, simulation and experimental results are presented to prove the
concept of the proposed method.

The following links provide the video summary of presented methods.

• ARW navigation in indoor and LTU fountain.
Link: https://youtu.be/IUfCrDHL-Dc

• ARW navigation for wind turbine inspection.
Link: https://youtu.be/z_Lu8HvJNoc

11.5.1 Simulation evaluation

Initially, in order to evaluate the performance of the method, a wind turbine,
a 3D complex structure with multiple branches, is selected for simulation pur-
poses. The tower diameter is 4 m at the base, 1 m at the top, and its height is
40 m. The blade length is 27 m with Cord length at the root of 2 m, cord length
at the tip of 0.2 m, and the volume of the hub and nacelle is 4 × 5 × 4 m3. In
the following simulation cases, the offset distance � from the inspection ob-
jects is 2 m. In Fig. 11.9, the paths, which are generated for one, two, and three
ARWs for the cooperative aerial inspection, are depicted. This structure has up
to three branches as depicted in Fig. 11.10, which can be recognized by the C-
CPP. More specifically, the tower is considered to have one branch (green) until
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the height that two blades virtually intersect the horizontal plane of the tower.
From that point, the structure is considered to have three branches (red) (dark
grey in print), which are the two blades and the remaining part of the tower. Fi-
nally, the nacelle and the third blade of the structure are considered one branch
(blue) (light grey in print). In Fig. 11.9 (left), the whole structure is covered by
one agent, while in the case of more than one agents (middle and right), the
branches are assigned to each agent, and in the case of a single branch, the area
is shared between multiple agents. As a result, the inspection time is signifi-
cantly reduced as presented in Table 11.1. The authors urge the reader to refer
to the online version of this chapter to better understand the graphical depiction
of the planned path for each aerial agent around the windturbine.

FIGURE 11.9 Generated path for different scenarios where on left is given the inspection path
for a single agent, in the middle, inspection path for two aerial agents is shown and on the right,
inspection path for three aerial agents is provided above.

FIGURE 11.10 Wind turbine with identified branches segmented by C-CPP.
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TABLE 11.1 Inspection time for windmill inspection.

Number of agents 1 2 3

Inspection time [min] 24.86 17.63 11.36

Due to the lack of texture in the simulation, the quality of the reconstruc-
tion resulted from the recorded data is low and is therefore not included. More
emphasis will be placed to the real-life experimental trials.

Fig. 11.11 presents the yaw references, which have been provided for each
agent in different scenarios. As the number of agents increases, the coverage
task is completed faster thus the yaw changes more frequently, as is indicated
by the provided simulation results.

FIGURE 11.11 Yaw references for each scenario.

11.5.2 Experimental evaluation

11.5.2.1 Experimental setup
The proposed method has been evaluated utilizing the Ascending Technologies
NEO hexacopter depicted in Fig. 11.12. The platform has a diameter of 0.59 m
and height of 0.24 m. The length of each propeller is 0.28 m as depicted in
Fig. 11.12. This platform is capable of providing a flight time of 26 min, which
can reach a maximum airspeed of 15 m/s and a maximum climb rate of 8 m/s,
with maximum payload capacity up to 2 kg. It has an onboard Intel NUC com-
puter with a Core i7-5557U and 8 GB of RAM. The NUC runs Ubuntu Server
14.04 with Robot Operating System (ROS) was installed. ROS is a collection of
software libraries and tools used for developing robotic applications [27]. Ad-
ditionally, multiple external sensory systems (e.g., cameras, laser scanners, etc.)
can be operated in this setup. Regarding the onboard sensory system, the Visual
Inertia (VI) sensor (weight of 0.117 kg, Fig. 11.12) developed by Skybotix AG
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is attached below the hexacopter with a 45◦ tilt from the horizontal plane. The
VI sensor is a monochrome global shutter stereo camera with 78◦ FoV, housing
an Inertial Measurement Unit (IMU). Both the cameras and the IMU are tightly
aligned and hardware synchronized. The camera was operated in 20 fps with a
resolution of 752 × 480 pixels, while the depth range of the stereo camera lies
between 0.4 and 6 m.

FIGURE 11.12 AscTec NEO platform with the VI sensor attached.

FIGURE 11.13 Software and hardware components used for conducting inspections.

The proposed C-CPP method, established in Section 11.3, has been entirely
implemented in MATLAB. The inputs for the method are a 3D approximate
model of the object of interest and specific parameters, which are the number
of agents n, the offset distance from the object �, the FoV of the camera α,
the desired velocity of the aerial robot Vd and the position controller sampling
time Ts . The generated paths are sent to the NEO platforms through the ROS
framework.

The platform contains three main components to provide autonomous flight:
a visual-inertial odometry, a Multi-Sensor-Fusion Extended Kalman Filter
(MSF-EKF) [28], and a linear Model Predictive Control (MPC) position con-
troller [17,29,30]. The visual-inertial odometry is based on the Robust Visual
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Inertial Odometry (ROVIO) [31] algorithm for the pose estimation. It consists
of an Extended Kalman Filter (EKF) that uses inertial measurements from the
VI IMU (accelerometer and gyroscope) during the state propagation, and the
visual information is utilized during the filter correction step. The outcome of
the visual inertial odometry is the position-orientation (pose) and the velocity
(twist) of the aerial robot. Afterward, the MSF-EKF component fuses the ob-
tained pose information and the NEO IMU measurements. This consists of an
error state Kalman filter, based on inertial odometry, performing sensor fusion as
a generic software package, while it has the unique feature of being able to han-
dle delayed and multi-rate measurements while staying within computational
bounds. The linear MPC position controller [30] generates attitude and thrust
references for the NEO predefined low level attitude controller. In Fig. 11.14,
the components of the controller are shown. Positions, velocity, and trajectory
are sent to a Linear MPC position controller, which provides roll φd , pitch θd ,
and mass-normalized thrust T commands for the inner loop. From the initial
control tuning experiments, it was proven that the low-level attitude controller
is able to track the desired roll, pitch, and yaw trajectory and calculate the corre-
sponding n1, n2, . . . , n6 rotor speeds for the vehicle. Details about the controller
scheme and parameters’ tuning can be found in [30].

FIGURE 11.14 Controller scheme for NEO (regenerated from [30]).

The image stream from the overall experiment is processed using the method
described in Section 11.4, while the overall schematic of the experimental setup
is presented in Fig. 11.13.

11.5.2.2 Indoor artificial substructure inspection
An indoor artificial substructure was assembled as depicted in Fig. 11.15. The
structure consisted of 6 boxes with dimensions of 0.57×0.4×0.3 m with unique
patterns and without any branches. The offset distance � from the inspection
objects is 1 m in indoor experimental trials. In this case, two aerial agents were
assigned to cover the structure. In these experiments, the Vicon Motion-capture
(Mo-cap) system was used for the precise object localization. This information
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was utilized by the NEO for the autonomous flight. After the end of the experi-
ment, the pose data from the Mo-cap system and the stereo stream were used by
the mapping algorithm. The actual and the reconstructed structures are depicted
in Fig. 11.15.

FIGURE 11.15 On the left is the simple indoor structure to be reconstructed and on the right the
cooperative pointcloud of the structure.

Furthermore, Fig. 11.16 presents the actual and reference trajectories that the
two agents followed. Moreover, the Mean Absolute Error (MAE) is summarized
in Table 11.2.

FIGURE 11.16 Trajectories followed in the indoor experiment.

TABLE 11.2 MAE of the trajectory followed by the
first and second agents for the indoor experiment.

MAE x [m] y [m] z [m]

1st agent 0.02 0.02 0.05

2nd agent 0.03 0.02 0.06
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Additionally, the starting position of each has 180◦ difference and the agents
completed the mission in 166 s instead of 327 s. The average velocity along the
path was 0.2 m/s, and the points were fed to the agents so that to guarantee the
maximum distance and avoid collision.

To retrieve the 3D mesh of the structure, the Autodesk ReCap 360 was
used [32]. ReCap 360 is an online photogrammetry software suited for accu-
rate 3D modeling. The reconstructed surface obtained from the image data is
shown in Fig. 11.17.

FIGURE 11.17 3D mesh of the indoor structure.

11.5.2.3 Luleå University’s fountain inspection
To evaluate the performance of the method for a real autonomous inspection
task, an outdoor experiment was conducted. For this purpose the Luleå Univer-
sity’s campus fountain was selected to represent the actual infrastructure for the
cooperative aerial inspection. The fountain has a radius of 2.8 m and height of
10.1 m without branches. The offset distance � from the inspection objects is
3 m in experimental trials. Since in the outdoor experiments, motion capturing
systems are rarely available, the localization of the ARW relied only on the on-
board sensory system, in order to achieve a fully autonomous flight. Thus, the
ARWs followed the assigned paths with complete onboard execution, based on
visual inertial odometry localization. The actual and reference trajectories fol-
lowed by both platforms are depicted in Fig. 11.18, while the MAE is provided
in Table 11.3.
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FIGURE 11.18 Trajectories followed in the outdoor experiment.

TABLE 11.3 MAE of the trajectory followed by the
first and second agents for the outdoor experiment.

MAE x [m] y [m] z [m]

1st agent 0.19 0.21 0.29

2nd agent 0.21 0.23 0.31

For the reconstruction, the image streams from both aerial agents were com-
bined and processed by the SfM algorithm as described in Section 11.4. The
fountain and its sparse 3D model are presented in Fig. 11.19.

FIGURE 11.19 On the left is the Luleå University’s outdoor fountain, and, on the right, the coop-
erative pointcloud of the structure with estimated flight trajectories.
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In the proposed experiment, the same strategy as the indoor experiment is
followed for two agents. The starting position of each of them has the maxi-
mum of distance with 180◦ difference. The overall flight time is reduced from
370 s to 189 s and the average velocity along the path was 0.5 m/s. The
sparse reconstruction provided in Fig. 11.19 cannot be used for inspection tasks
since it lacks texture information and contains noise. Similarly to the indoor
experiment, the reconstructed surface obtained from image data is shown in
Fig. 11.20. The results show that the collaborative scheme of the path plan-
ner could be successfully integrated for automating inspection tasks (https://
youtu.be/IUfCrDHL-Dc).

FIGURE 11.20 Cooperative 3D mesh of the outdoor structure.

11.5.2.4 Wind turbine inspection
The proposed method is evaluated for wind turbine visual inspection. For lo-
calization of the ARW the sensor fusion of Ultra WideBand (UWB) distance
measurements and IMU are developed. In this approach, the aerial platforms
navigate autonomously based on the UWB-Inertial fused state estimation, using
a local UWB network, placed around the structure of inspection as depicted in
Fig. 11.21. The initial step for the deployment of the system was to setup the
ground station for monitoring the operations and fix 5 UWB anchors around the
structure, with specific coordinates presented in Table 11.4, which constitute
the infrastructure needed for the localization system of each aerial platform.
The number of anchors as well as their position has been selected in a manner
to guarantee UWB coverage around all parts of the wind turbine. From a theo-
retical point of view [33], only 3 anchors are needed; however, it is common that
one anchor will be behind the wind turbine for the ARW’s point of view, which
gives rise to a minimum of 4 anchors to compensate, while the fifth anchor was
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added as redundancy. The resulting fixed anchor positions provide a local coor-
dinate frame that guarantees repeatability of the system and with the significant
ability to revisit the same point multiple times in case the data analysis shows
issues that require further inspection. An important note for all the cases on the
wind turbine and for the system in operation is that the blades are locked in a star
position as shown in Fig. 11.21, which simplifies the 3D approximate modeling
of the structure.

FIGURE 11.21 An overview of the UWB localization system, where A1–A5 are the stationary
anchors, and N1 is the tracked node mounted on the ARW, while the dashed lines highlight the
measured distances.

TABLE 11.4 UWB anchor placement locations.

Coordinate A1 A2 A3 A4 A5

x 0 m 26.1 m 6.6 m 19.5 m 14.6 m

y 0 m 0 m 24.8 m 18.2 m −21.7 m

z 0 m 0 m 0 m 0 m 0 m

In the proposed architecture, all the processing necessary for the navigation
of the ARWs is performed onboard, while the overview of the mission and the
commands from the mission operators (inspectors) is performed over a WiFi
link, while the selection of WiFi is not a requirement and can be replaced with
the communication link of choice, e.g., 4G cellular communication. The UWB
based inertial state estimation runs at the rate of the IMU, which in this case
was 100 Hz, and the generated coverage trajectory has been uploaded to the
ARW before take-off, which is followed as soon as the mission started by the
command of the operator. The paths have been followed autonomously, without
any intervention from the operators on the site, and the collected data have been
saved onboard, while after downloading the mission data post processing is per-
formed in the ground station or in the cloud. The data provided by the system
can be used for the position aware visual analysis, examining high-resolution
frames, or they can be post-processed to generate 3D reconstructed models. The
key feature to be highlighted from the task execution is that any detected fault
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can be fully linked with specific coordinates, which can be utilized by another
round of inspections or for guiding the repair technician. The latter is a major
contribution to the presented aerial system, since it needs the fundamental in-
formation that is needed to enable a safe and autonomous aerial inspection that
has the potential to perform the human-based ones.

11.5.2.4.1 Wind turbine visual data acquisition

For the specific case of wind turbines, the C-CPP generated paths have been
obtained with two autonomous agents in order to reduce the needed flight time
and still be within the battery constrained flight time of the utilized ARW. How-
ever, due to the limited flight time of the ARWs in the field trials, the navigation
problem has been split into the tower part and the blade part, where the specifics
of each is presented in Table 11.5, while both can be performed at the same time
with more ARWs to reduce the mission time even further. A common character-
istic for both of the cases is that the generated path for each ARW keeps constant
safety distance from the structure. At the same time, it is keeping it in view of
the visual sensors, and maximizing the safety distance between agents, which
gives rise to the agents being on opposite side of the wind turbine at all times.
The area in which the field tests were performed is generally of high wind, and
while the tower part is protected from wind, owing to the forest, the blade part
is above the tree line. Thus, the aerial platform have been specifically tuned to
compensate strong wind gusts that were measured up to 13 m/s, where the tun-
ning was targeting the ARW’s controller’s weight on angular rate that has been
increased to significantly reduce the excessive angular movement.

TABLE 11.5 Overview of the system configurations.

Mission configuration Tower Blade

Number of agents 2 1

Inspection time 144 sec 206 sec

Safety distance 7 m 9 m

Velocity 1 m/s 1.2 m/s

Starting height 8 m 30 m

Finishing height 24 m 45 m

11.5.2.4.2 Tower coverage

In the specific case of the wind turbine base and tower coverage, the generated
paths are of a circular shape as depicted in Fig. 11.22, which results from the
constant safety distance from the structure based on the C-CPP algorithm. As
can be seen from the tracked trajectories, the controllers perform well with an
Root Mean Square Error (RMSE) of 0.5464 m, while at the top of the trajectory,
a more significant error can be seen that is induced from the specific ARW
transitioning above the tree-line, where a wind gust caused the deviation from
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the desired trajectory where the ARW compensates and finishes its coverage
trajectory.

FIGURE 11.22 Coverage paths followed by 2 agents with actual (solid) and reference paths
(dashed) together with desired direction, which resulted in the depicted 3D reconstruction and sam-
ple camera frames of the base and tower to be used by the inspector.

From the depicted reconstruction in Fig. 11.22, it is possible to understand
that the base of the wind turbine, which is feature rich, provides a good re-
construction result, while as the ARW continues to higher altitudes, the tur-
bine tower loses texture due to its flat white color, causing the reconstruction
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algorithms to not provide a successful reconstruction. However, the visual cam-
era streams do have position and orientation for every frame as depicted in
Fig. 11.22 for some instances, which allows for a trained inspector to review
the footage and be able to determine if there are spots, which are needed extra
inspection or repairs. For the reconstruction in Fig. 11.22, the [34] and [35] al-
gorithms have been used, the former for pre-processing the images for enhance
their contrast, while the latter was the SfM approach for providing the 3D model
of the structure. The reconstruction took place on a PC with the configuration
i7-7700 CPU and 32 GB of RAM, where the processing lasted approximately 4
hours.

11.5.2.4.3 Blade coverage

Compared to the base and tower coverage, for which the C-CPP algorithm gen-
erated circular trajectories, a similar approach was followed for the base case.
This comes from the fact that this task is performed on the blade with a di-
rection toward the ground and with the trailing edge of the blade toward the
tower, which would cause the C-CPP algorithm to generate half-circle trajecto-
ries. However, in this case, the same agent can inspect the final part of the tower
by merging both tower and blade trajectories as can be seen in Fig. 11.23, while
minimizing the needed flight time and demonstrating at a full extend the con-
cept of aerial cooperative autonomous inspection. With the available flight time
of the ARW, it is possible to inspect the blade with only one operating ARW,
allowing for the safety distance between agents to be adhered to, by the separa-
tion of the inspected parts. However, during the blade coverage task, the tracking
performance of the ARW was reduced to an RMSE of 1.368 m, due to the con-
stant exposure to wind gusts and the turbulence generated by the structure, and
as these effects were not measurable, until the effects are observed on the ARW,
it has reduced the overall observed tracking capabilities of the aerial platforms.
The second effect of the turbulence was the excessive rolling and pitching of the
ARW, which introduced a significant motion blur in the captured video streams,
due to the fixed mounting of the camera sensor, introducing the need for adding
a gimbal for stabilizing the camera and reducing the motion blur. Finally, as can
be seen in the camera frames in Fig. 11.23, there are no areas of high texture
on the wind turbine tower or blades, which caused 3D reconstruction to fail.
However, the visual data captured is of high quality and suitable for review by
an inspector.

11.5.3 Quantification of the design choices

In this Chapter, three different inspection scenarios were presented: Case 1) sim-
ulation results from a wind turbine inspection, Case 2) an inspection of artificial
indoor structure, and Case 3) a real-world outdoor infrastructure inspection. In
all the cases, there have been multiple limitations and challenges. The initial a
priori information for enabling the aerial inspection of infrastructure needed is
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FIGURE 11.23 Coverage path followed by the agent with actual (solid) and reference path
(dashed) together with desired direction, which resulted in the depicted 3D reconstruction and sam-
ple camera frames of the blade to be used by the inspector. Note the flat white color of the tower.

to have a 3D model of the structure. In cases that a non-detailed information can
be obtained (e.g., blueprint or CAD model), as has been presented, the infras-
tructure can be approached by connected simple geometrical shapes without a
loss of generality.

For all these experimental test cases and from a practical point of view, there
are multiple limitations mainly due to: 1) the experimental setup and 2) the
surrounding environment. The limitations in the experimental setup are mainly
related to the utilized hardware and software that can directly affect the inspec-
tion mission. In the proposed experiment, the following components are critical
for the successful mission: 1) localization, 2) control configuration, 3) visual
processing, and 4) flight time. Additionally, from a practical perspective, impor-
tant factors that influence the aerial coverage task in field trials are the heavy
wind gusts (e.g., near wind turbines) that distort the followed path, direct sun-
light that immediately degrades the performance of the vision algorithms, and
increased humidity levels and low temperatures that cause malfunctions in the
platform electronics. Finally, the need for a complete no rain environment and
temperatures above +4◦C should be highlighted. Except from these limitation
factors, later, the available design choices and the corresponding effect on the
results will be discussed.

Safety distance: The safety distance between the agents and the infrastruc-
ture is a critical factor for the experiment, as this selection directly affects the
safety of the mission and the overall quality of the obtained images. For safety
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reasons and collision avoidance, it is preferable to have a proper safety margin
from the structure. This margin can provide enough time for the safety pilot to
avoid collisions in case of an accident. Additionally, the larger value of the � re-
sults in a larger camera footprint area. This has a direct effect on creating shorter
paths for the ARWs that are now capable of covering bigger areas. However, the
larger the value for � is, the more the quality of the images is reduced. This can
be overcome by utilizing better cameras with a higher resolution. In the case
of the indoor experiment, the safety distance was set to 1 m, as the flying area
was limited, while in the outdoor experiment the � was set as 3 m, 7 m, and
9 m for the fountain, the windturbine tower, and the blade inspections, respec-
tively, as there are extra disturbances to the system (such as wind gust), and the
localization was accurate in a few centimeters.

Field of view: this parameter is dependent on the hardware that will be used
in the experiment, and in most cases, it is considered and modeled as a constant.
This value directly affects the camera footprint. To be more specific, the larger
the FoV value is, the larger the camera footprint area becomes. However, the
FoV and the camera resolution have a direct impact on the image quality. In this
Chapter, a camera with a visual sensor with a 78◦ FoV was used.

Number of agents: the number of agents has a direct relation to the size of
the structure and the flight time of the platform. For example, in the case of the
wind turbine inspection, it is almost impossible to do the inspection with one
agent as the flight time is 25 min. Thus, multiple agents are assigned for the
inspection, and the flight time is reduced to 12 min for each agent in the case
of three agents. From another point of view, the more the agents are, the longer
time the optimization algorithm takes for creating the multiple ARW paths.

Controller: In this Chapter, MPC is used as the position controller. There
are multiple parameters that can affect the performance of the control scheme,
such as: 1) weights of the objective function terms, since the larger value of
the weights are, the smaller the error in those terms is. To be more specific, in
the case of the position error in the objective function, a higher weight results
in a smaller positioning error, and 2) constraints: each platform has physical
constraints such as maximum velocity, maximum acceleration, bound on pro-
pellers velocities, boundaries on angles, etc. During the experiments, it was
observed that in the case of the outdoor trials, mainly due to the existence of
the wind gusts, the MPC should have larger bounds on angles, and thus these
were changed from 15◦ to 45◦, which resulted in a better path tracking and
wind gust compensation. It should also be highlighted that the error in the po-
sition and orientation may result in a different camera footprint area from the
desired one, with a direct impact on the quality of the achieved inspection and
reconstruction.

Velocity of the agent: this parameter is selected on the basis of the experi-
ment and hardware setup. The velocity of the agent should not be larger than the
camera frames rate, which will result in blurred images. Additionally, the ve-
locity of the ARW should be higher than the wind gust in order to compensate
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for it, and due to safety reasons, the velocity should be also reasonable for the
safety pilot to be able to take control of the ARW in unpleasant scenarios. Thus,
in this Chapter, the velocity is chosen as 0.2 m/s for the indoors experiment and
0.5 m/s for the outdoors experiment.

Overlapping: Multi-view algorithms require the processing of the same sur-
face, captured in multiple frames from different viewpoints, to provide a proper
reconstruction. More specifically, a substantial overlapping between frames is
considered. The absolute minimum overlapping required for each observed 3D
point is only 2 frames. For increased robustness, practical implementations
consider at least 3 images. In the presented thesis, the generated paths in the ex-
perimental trials considered at least 3 overlapping images for the reconstructed
points. Additionally, 40% overlapping between slices was chosen.

Number of features: The basis of the SfM algorithms is mainly the cor-
respondence search among frames. The correspondence step includes feature
extraction (distinctive points in 2D frame), feature matching, and additional ver-
ification to filter out outliers. Generally, the feature extraction step identifies a
high number of features, e.g., 500, but they are decreased after the matching and
validation steps. Therefore, the number of inlier features in every frame is not
fixed and varies depending on the extraction algorithm, the occlusions, and the
object geometry. In the performed experimental trials, a mean value for every
frame was around 200-300 features.

Camera frames: Multi-view algorithms can handle increased frame rates
with proper view selection, when considering the data capturing. For the indoors
and outdoors experimental trials the frame rate was fixed at 20 Hz. However, this
parameter is highly connected with the image resolution, where with a higher
resolution the algorithms can reconstruct in more details, since there exist fewer
ambiguous matches in the captured frames. Generally, a higher resolution is
preferred over higher frame rates.

Clustering: as it has been discussed in Section 11.3.2.2, in addition to the
K-means, the MIP clustering was also investigated in the presented test cases.
Thus, all the calculations, as stated before, have been performed on a computer
with an Intel Core i7-6600U CPU, 2.6 GHz and 8 GB RAM and were imple-
mented in MATLAB. In each scenario, both methods were evaluated and the
computation time is provided in Table 11.6. In the first case, the number of
points in each slice were between 500 and 8000, and the number of clusters was
1 or 3. The average computation time for K-means was 0.2 s, and the average
computation time for the MIP clustering method with CPLEX solver and heuris-
tic approaches were 75 s and 80 s, respectively. The computation time of the MIP
clustering method can be reduced further by increasing the processing power,
down sampling the structure, or utilizing different optimization solvers. In the
second and third cases, there was only one branch and the number of points in
each slice were between 60 and 150. Overall, the MIP clustering method pro-
vides a global solution, but the computation power is still the main restriction to
real-life applications. However, if the utilization of MIP is not causing problems
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in the realization of the proposed approach, this method could be utilized for
performing the necessary clustering.

TABLE 11.6 Computation time for clustering methods in different scenarios.

Cases K-means MIP CPLEX solver MIP heuristic approach

avg. max avg. max avg. max

1 0.2 s 0.45 s 75 s 100 s 80 s 170 s

2 0.10 s 0.24 s 2.4 s 3.4 s 5.3 s 16.2 s

3 0.14 s 0.32 s 3.5 s 4.2 s 6.6 s 18.1 s

11.6 Lessons learned

Throughout the experimental trials in wind turbine inspection, many different
experiences were gained that assisted in the development and tuning of the al-
gorithms utilized. Based on this experience, an overview of the lessons learned
is provided in the sequel with connections to the different utilized field algo-
rithms.

11.6.1 ARW control

When performing trajectory tracking and position control experiments indoors a
dedicated laboratory many disturbances, which are significant in the field trials,
can be neglected, and this is especially true for strong wind gusts and turbulence
caused by the structure. In the case of indoor experimental trials, the ARW can
be tuned aggressively to minimize the position tracking error, while in the full
scale outdoor experiments, this kind of tuning would provide excessive rolling
and pitching due to the controllers trying to fully compensate for the distur-
bances. However, this has the side effect of making the movements jerky and
oscillatory and overall reducing the operator’s trust in the system as it seems to
be close to unstable. Furthermore, in the case that the controllers were tuned for
a smooth trajectory following, larger tracking errors would have to be accepted
in the trajectory following. During the field trials, some wind gust can even be
above the operational limits of the ARW, causing excessive errors in the trajec-
tory tracking. To reduce the effect in the outdoor experiments, the controller’s
weight on angular rate was increased to significantly reduce the excessive move-
ment, while, in general, the tuning of the high level control scheme, for the
trajectory tracking, is a tedious task, and it was found to be extremely sensitive
to the existing weather conditions.

11.6.2 Planning

The path planner provides a path to guarantee for a full coverage of the structure;
however, in the field trials, due to high wind gusts, there are variations between
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the performed trajectory and the reference. Thus, there is a need for an online
path planner for considering these drifts and re-plan the path or to have a sys-
tem that it is able to detect if a specific part of the structure has been neglected
and provides extra trajectories to compensate. Additionally, due to the payload,
the wind gusts and the low ambient temperature, the flight time was significantly
less than the expected value from the ARW manufacturer. In certain worst cases,
this time was down to 5 minutes, which is a severe limitation that should be con-
sidered in the path planning and task assignment to correctly select the correct
number of agents for achieving a full coverage of the infrastructure.

11.6.3 System setup

One of the most challenging issues when performing large scale infrastructure
inspection is to keep a communication link with the agents performing the in-
spection, which is commonly used for monitoring the overall performance of the
system. In this specific case, WiFi was the communication link of choice, mainly
due to its simplicity of directly performing as expected; however, it was quickly
realized that the communication link was unstable due to height or occlusion of
the ARW behind the wind turbine tower. To mitigate this issue, a different com-
munication link should be used, e.g., the 4G cellular networks, and while WiFi
can be used to upload mission trajectories it is not a reliable communication link
at this scale.

Moreover, if it is desirable that the same mission can be executed again, the
positions of the UWB anchors need to be kept. One possible way to achieve
this is to consider the UWB anchors as supporting part of the infrastructure and
have them permanently installed around the wind turbines, or to re-calibrate and
consider the wind turbine as the origin, while only compensating for the rotation
of the wind turbine depending on the mission setup.

11.6.4 3D reconstruction

Various visual sensors have been tested in the challenging case of wind turbine.
The most beneficial sensor proved to be the monocular camera system. More
specifically, the fixed baseline for stereo cameras can limit the depth perception
and eventually degenerate the stereo to monocular perception. The reconstruc-
tion performance can also vary slightly, depending on the flying environment
due to visual feature differences, therefore a robust and reliable, invariant to
rotations feature tracker should be used. Another important factor for the recon-
struction is the camera resolution, since it poses the trade-off between higher
accuracy and higher computational costs. Additionally, the path followed around
the structure affects the resulting 3D model, which in combination with the
camera resolution can change the reconstruction results. Generally, the cameras
should be calibrated, and it is preferred to have set manual focus and exposure
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to maintain the camera parameters for the whole dataset. For SfM techniques,
it is required a large motion in rotation and depth among sequential frames to
provide reliable motion estimation and reconstruction.

Moreover, a low cost LIDAR solution, that was tested during the field trials,
failed to operate as sunlight interfering with the range measurements. This sen-
sor technology, should be further examined with more tests since they could be
useful in obstacle avoidance and cross-section analysis algorithms.

11.6.5 Localization

While UWB positioning was the main localization system in the presented ap-
proach, it should be noted that this should not operate stand-alone. In the case of
infrastructure inspection, one reference system should not act as a single point
of failure, and it should be the aim to fuse as many sensors as possible. In the
case of a wind turbine, the Global Positioning System (GPS) does not provide
a reliable position until the ARW is at significant height, and the UWB local-
ization system works best at lower height. Hence, it should be the aim to fuse
both and utilize the sensor that is performing optimally depending on the current
height. Moreover, neither UWB localization nor GPS provides a robust heading
estimate, and the wind turbine causes magnetic disturbances that causing the
magnetometers to fail, and thus in this case, visual inertial odometry is a robust
solution to provide heading corrections since the landscape can be used as a
stable attitude reference.

11.7 Conclusions

This chapter addressed the C-CPP for inspecting complex infrastructures by
utilizing multiple agents. A mathematical framework for solving the cover-
age problem by introducing branches and safety distances in the algorithm has
been presented. The established theoretical framework provides a path for ac-
complishing a full coverage of the infrastructure, without simplification of the
infrastructure (number of considered representation points), in contrast to many
existing approaches that simplify the infrastructure to an area of interest and
solve it by various optimization methods; methods that could not be applied
otherwise due to the inherent NP-hard complexity of the problem. In addition,
this Chapter has demonstrated the direct applicability and feasibility of cover-
age by multiple ARWs in field trials, while indicating the pros and cons when
performing real-life tests. This effort integrated and adapted fundamental princi-
ples from control, image processing, and computer science, in a fully functional
and efficient approach. Moreover, this Chapter has contributed to presenting a
complete cooperative aerial coverage system that can be directly applied in any
kind of infrastructure, with the reported limitations.
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ARW deployment for
subterranean environments
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Vignesh Kottayam Viswanathan
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

12.1 Introduction

Operating ARWs in subterranean environments is becoming more and more rel-
evant in the field of aerial robotics. Despite the large spectrum of technological
advances in the field, flying in such challenging environments is still an ongo-
ing quest that requires the combination of multiple sensor modalities like vi-
sual/thermal cameras as well as 3D/2D lidars. Nevertheless, there exist cases in
subterranean environments where the aim is to deploy fast and lightweight aerial
robots for area reckoning purposes after an event (e.g., blasting). This chapter
presents the baseline approach for the navigation of resource-constrained robots,
introducing the aerial underground scout, with the main goal of rapidly explor-
ing unknown areas and providing feedback to the operator. The main presented
framework focuses on the navigation, control, and vision capabilities of the
aerial platforms with low-cost sensor suites, contributing significantly to real-
life applications. The merit of the proposed control architecture considers the
flying platform as a floating object, composing a velocity controller on the x, y

axes and an altitude controller for navigating along a mining tunnel. Moreover,
this chapter presents a collection of different, experimentally verified, methods
tackling the problem of ARWs heading regulation. In addition to the heading
correction modules presented in Chapter 6, this chapter presents Convolutional
Neural Network (CNN) classification and CNN regression heading correction
modules while navigating in texture-less tunnel areas. The concept of the pre-
sented approaches is demonstrated in Fig. 12.1.

The rest of the chapter is structured as follows. Initially, Section 12.2
presents the problem formulation of the proposed method. Then Sections 12.3
and 12.4 present information on the developed state estimation and navigation.
The discussed approaches are evaluated in an underground mine, and the re-
sults are presented in Section 12.5, followed by a corresponding comparison

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00018-4
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FIGURE 12.1 Photo of an underground mine in Sweden for indicating uneven surfaces and light-
ing condition in a mine tunnel, while the ARW is equipped with artificial light source. The concept
of the five presented methods for defining heading angle is shown in white blocks.

and discussion in Section 12.6. Finally, Section 12.7 concludes the chapter by
summarizing the findings and offering directions for future research.

12.2 Problem statement and open challenges

The mining industry targets the integration of the ARWs in application scenarios
related to the inspection of production areas, like underground tunnels. In these
cases, the inspection task includes deploying an aerial platform, endowed with
a sensor suite, to autonomously navigate along the tunnel and collect mine-
oriented valuable information (e.g., images, gas levels, dust levels, 3D models).
In the sequel, the captured data will be used from the mine operators for further
analysis to determine the status of the inspected area.

The deployment of ARWs in harsh underground mine environments poses
multiple challenges [1]. In general, to increase the level of autonomy and pro-
vide stability and reliability in their operation, ARWs are equipped with high-
end and expensive components. Nonetheless, the main aim for these platforms
is the long-term underground operation, where their performance and integrity
degrade over time [2], and they need to be maintained/replaced. This can be
a bottleneck for expensive solutions since the maintenance/repairing costs ac-
cumulate to high levels. Therefore, the overall vision is to consider the aerial
vehicles as consumable task-oriented scout platforms designed to accomplish
specific needs in subterranean environments. These platforms could be deployed
for various application scenarios, such as navigating quickly and providing a
rough topological map or visual feedback of the area to the operator, or navigate
and collect data from harsh areas.

The core part to enable autonomous navigation is considered to be the state
estimation, which provides information of the local “positioning” of the ARW,
e.g., position, orientation, velocities, etc. Due to limitations posed from both
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the mine environment and the platform, separate sensors have been assigned
to specific states: 1) attitude [φ, θ ]� obtained from the onboard Inertial Mea-
surement Unit (IMU), 2) linear velocities [vx, vy]� from optical flow, and 3)
height z estimation from single beam lidar. This architecture is characterized
by low computational power, and thus, it results in the saving of computa-
tional resources for other components. Once state information is available, the
corresponding navigation and control components could use it to generate and
execute the navigation commands, respectively. The main challenge in the nav-
igation commands is to extract proper heading to follow an obstacle free path
along the tunnels. In this chapter, the heading commands are generated either
from a lidar-based methods or from vision-based methods for finding open
spaces. In the case of a 2D lidar, we consider two methods to find the open area:
the first consists of summing vectors, and the second uses the weighted arith-
metic mean of lidar ranges. In the case of a visual sensor, in the first method, we
utilize the image stream to find the contour that captures the darkest area, corre-
sponding to the continuation of the tunnel (mining drift). In the second method,
we use a CNN approach that classifies images from a looking forward camera
to three categories of left, center, and right. Finally, we introduce a regression
CNN to provide the centroid position of open space from the onboard image.
The controller has been designed to consider the ARW as a floating object on x

and y axes, mainly selected to remove high dependencies on accurate localiza-
tion schemes, while the platform is still able to perform the desired exploration
task. An overview of the proposed concept for navigation is shown in Fig. 12.2.

FIGURE 12.2 Top-view concept image of a mine tunnel with an ARW, which shows the necessity
of heading correction in autonomous navigation. Body frame Bx and By are shown by red (dark
gray in print) and green (lighter gray in print) arrows, respectively, while it is assumed that the
heading of the ARW is toward the x-axis.

The dust is another challenge when flying in actual tunnels, but in our case,
we have been visiting the production areas of mines where the ground was wet
and only small dry parts were generating a negligible amount of dust. Therefore,
in the presented field tests, although dust is a major issue, it was not considered
since it heavily depends on the flight area.

Additionally, the potential fields method [1] is implemented to generate ve-
locity references [vr,x , vr,y]� to avoid collisions to the local surrounds using
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range measurements R of the 2D lidar placed on top of the ARW. More-
over, the same Nonlinear Model Predictive Control (NMPC) formulation is
used for tracking the reference altitude and velocities without considering col-
lision avoidance constraints. The NMPC objective is to generate attitude φ, θ

and thrust commands T for the low-level controller u = [T , φ, θ ]�, while the
constant desired altitude zd and vz,d = 0 are defined from the operator. The low-
level controller is integrated to the flight controller and Proportional Integral
Derivative (PID) controllers are generating the motor commands [n1, . . . , n4]�
for the ARW. The low-level attitude controller [3] is able to track the desired
roll, pitch, and yaw rate and calculate the corresponding rotor speeds for the
ARW. A block diagram representation of the proposed NMPC and the corre-
sponding low-level controller is shown in Fig. 12.3, where I is the image stream
from the looking forward camera, ax , ay , az, wx , wy , and wz are linear and an-
gular accelerations along each axis from IMU measurements, and vx and vy are
linear velocities from a down-ward optical-flow sensor, and z is altitude from
the single beam lidar.

FIGURE 12.3 Control scheme of the proposed navigation module, where the heading commands
are provided from the geometry approach. The NMPC generates thrust and attitude commands,
while the low-level controller generates motor commands [n1, . . . , n4]�. The velocity estimation is
based on IMU measurements, optical flow, and downwards facing single beam lidar.

12.3 State estimation

Successful autonomous navigation of ARWs requires the combination of accu-
racy and low latency in the state estimation. Generally, for localization purposes,
different sensor suites are used. The most common sensors are a combination
of Global Positioning System (GPS) with IMU units; however, underground
mines are GPS-denied environments. Moreover, motion capture systems provide
localization with high precision and high sampling rate in GPS-denied areas,
nonetheless these systems require multiple cameras in fixed positions to be in-
stalled beforehand, their performance is affected by dust and high humidity, and
their cost is high, which makes them unsuitable for the case of the underground
mine environments. Another group of localization systems are forward-looking
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monocular or stereo cameras for visual/visual-inertial pose estimation. These
methods are widely used in indoor and outdoor environments; however, they
rely on features from the environment, which can be limited in the case of a low-
illumination environment. Additionally, due to payload and power constraints of
ARWs, these algorithms should perform under computational limitations of em-
bedded hardware [4].

In this work, the autonomous ARW is considered as a floating object
that explores a 3D space. The measurement updates of the state vector x =
[z, vx, vy, vz, φ, θ ]� is accomplished by assigning sensors to specific states. The
altitude state z is provided from a downward pointing single beam lidar, while
the linear velocity vz is estimated from z using Kalman Filtering [5]. Moreover,
φ and θ are provided from the flight controller through the filtering of IMU mea-
surements from an Extended Kalman Filter (EKF). Finally, the states vx and vy

are calculated from a down-ward optical-flow sensor. The optical flow sensor is
equipped with an additional illumination source to avoid drifts in the measure-
ments, while providing high update rates. To robustify the performance of the
state estimation, the optical flow has been calibrated at a specific height, and the
ARW is commanded to fly at a fixed altitude. More details about the software
and hardware of the employed optical flow can be found in [6].

12.4 Navigation and collision avoidance

The potential field’s objective is to generate linear x- and y-axis velocity com-
mands in order to avoid collisions to the walls or any other obstacle standing
in the way of the ARW. In this work, the potential field uses range measure-
ments from 2D lidar placed on top of the vehicle to obtain repulsive velocity
commands for both the x- and y-axis when flying close to obstacles, while the
attractive velocity command is given a constant value on the x-axis. The poten-
tial field approach generates the desired velocities vr,x, vr,y for the platform and
is fed to the NMPC as depicted in Fig. 12.3.

In the classical potential field methods [1], the relative vector, between the
agent position and destination, is required for obtaining the attractive force.
However, in this article, the position estimation is not available; thus, it is as-
sumed that the desired vector is constant and is toward the x-axis. The desired
velocity vector is defined as:

�v = [vx,0]�, vx ∈R>0 (12.1)

As mentioned above, the repulsive potential is structured around the 2D lidar
information and is defined in the body frame of the aerial vehicle. Before de-
scribing the algorithm, it is essential to introduce the notation used in this case.
Initially, the measurements are transformed from ranges into a 2D pointcloud
�, removing invalid values. The ARW is considered always to lie at the ori-
gin of �, expressed always through �ps = [0,0]�. For every time instance k the
pointcloud is updated according to the new range measurements. For simplicity
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reasons, the time instance indexes are omitted in the following equations. Every
point registered in � is considered an obstacle and is described by its 2D posi-
tion �po = [x, y]�. Based on the �ps and �po, the repulsive potential is calculated,
and the desired velocities are obtained similar to work [1].

12.4.1 Vision based methods

12.4.1.1 CNN classification
A CNN [7,8] is composed of a series of nonlinear processing layers stacked on
top of each other. The typical layers presented in a CNN are: the convolutional,
the pooling, the fully connected, and the nonlinear activation layers. The main
component of the CNN is the convolutional layer, which operates on the local
volumes of data through convolutional kernels, also called filters, that extract
feature representations (feature maps). The pooling layer reduces the size of the
original image and the subsequent feature maps and thus providing translation
invariance. The nonlinear activation layers (usually consisted of Rectified Linear
Units (ReLUs) that have almost completely substituted the traditional sigmoid
activation functions), as in the case of the conventional Neural Networks (NNs)
allows to the CNNs to learn nonlinear mappings between the input and the out-
put. The final layers of a CNN are “flat” fully connected layers identical to the
ones used in conventional MultiLayer Perceptrons (MLPs). A CNN is trained
“end to end” to learn to map the inputs to their corresponding targets using
gradient-descent-based learning rules.

In this chapter, the same CNN structure as presented in Fig. 12.4 [9] is used,
while the layers and implementation details are discussed comprehensively. The
CNN receives a fixed-size image as an input and provides three categories for
each image. Similar to most neural networks, a CNN has an input layer, an
output layer, and many hidden layers in between. These layers learn features
specific to the task by altering the input data. The main difference between these
novel architectures is that the features are learned during the training process in-
stead of relying on tedious feature engineering processes. In the case of CNNs,
this is basically achieved via the convolution filters. Each convolution filters
learns to be activated by certain features of the image. One advantage of convo-
lution connections especially compared to a fully connected architecture is the
dramatic reduction in number of parameters due to weight sharing. ReLUs has
been used as an additional operation after each convolution operation. ReLUs
is an element-wise operation and allows for faster and more effective training
by mapping negative values to zero and maintaining positive values. ReLUs
introduces nonlinearity to the CNN, since most of the real-world data would
be nonlinear and convolution is a linear operation. Another layer, which is not
part of NNs, is the pooling layer. Pooling performs nonlinear down-sampling
at the same time reducing the number of parameters that the network needs
to learn while retaining the most important information. These operations are
repeated over a large number of layers, with each layer learning to identify
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different features and extract the useful information from the input image, intro-
duce nonlinearity, and reduce feature dimensions. The outcome of convolution
and pooling layers represent high-level features of the input image; thus, the
fully connected layer uses these information for classifying the images.

FIGURE 12.4 Architecture for the proposed CNN classification for correction of heading.

The input layer of the CNN is a matrix of 128 × 128 × 1, followed by 2D
convolution layer with size of 2 × 2 and output of 126 × 126 × 32, followed by
2D max pooling with output of 63×63×32 and size of 2×2, then next 2D con-
volution layer with size of 3 × 3 to extract features with output of 61 × 61 × 32,
after that the 2D pooling layer of size 3×3 with output of 30×30×32, followed
by flatten layer and ended with fully connected layer with softmax activation for
classifying images to three classes. Depending on onboard camera, the images
can have different resolutions; however, to reduce computation time and size
of data, the input image should be resized to 128 × 128 pixels. Moreover, ob-
ject recognition based on gray-scale images can outperform RGB image-based
recognition [10], and the RGB sensors do not provide any extra information
about the dark mine environments. Thus, for reducing the computation time
and noise, the images from the cameras are converted to gray-scale. Moreover,
CNNs with large numbers of parameters and multiple nonlinear hidden layers
are powerful techniques; however, the large networks require high computation
power and suffer from the problem of overfitting. In the proposed method, the
dropout [11] layer is added to reduce the overfitting during the training of a
model and is not used when evaluating the trained model. The dropout layer
removes units with all incoming and outgoing connections in the CNN architec-
ture. Random dropout of neurons during training phase results in adaptation of
other neurons to make prediction for the missing neurons. In this way, multiple
independent internal representations are learned by the network. This results in
a network with less size and less sensitivity to the specific weights of neurons.
Moreover, during the training, the model cross-validation [12] method is used to
reduce overfitting and provide models with less biased estimation. The training
data set is split into subsets, and the model is trained in all subsets except one,
which is used to evaluate the performance of the trained model. The process is
continued until all subsets are evaluated as a validation set and the performance
measure is averaged across all models.
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For the proposed method, a loss function is categorical crossentropy, an op-
timization is Adam optimizer [13], and the network is trained on a workstation
equipped with an Nvidia GTX 1070 GPU, which is located outside of the mine
with 25 epochs and 200 steps per epoch. For each image, the CNNs provides
the class of the image that can be Left, Center, Right. Each label represents the
direction of the platform’s heading, e.g., in the case of Center, the heading rate
should be zero ψ̇ = 0, in case the of Right, the heading rate should have a pos-
itive value, in the case of Left, the heading rate should have a negative value
to avoid the left wall. In the proposed CNN approach, the constant value of
ψ̇r = {−0.2,0,0.2} rad/sec is selected for each label; 0.2 rad/sec is selected to
avoid sudden heading rate commands in the case of wrong classification from
the CNN approach. Algorithm 1 provides an overview of the proposed method
for generating heading rate commands based on the CNN classification method.

Algorithm 1 Calculate heading rate command based on the CNN approach.
Require: I

Ensure: ψ̇d

1: Im×n×3 → I 128×128×1 //converting the RGB image with m × n pixels to
gray scale and resizing to 128 × 128 pixels

2: CNN(I 128×128×1 ) → {left,center,right} //Output of the CNN
3: if CNN(I )==left then ψ̇r = −0.2 rad/sec
4: else if CNN(I )==center then ψ̇r = 0.0 rad/sec
5: else ψ̇r = 0.2 rad/sec
6: end if

12.4.1.2 CNN regression
A regression CNN method is proposed to enable autonomous navigation with a
low-cost platform in unknown dark underground mines. Initially, the collected
data sets are prepossessed in order to obtain the depth information by utilizing
the work reported in [14]. The depth image is then segmented into regions, and
the region with the highest depth is extracted, while in the sequel, the centroid
of this region is calculated. This is a novel way to generate multiple training
data sets for the CNN, when an absolute reference is not available, and the ac-
cess to the field is limited. The trained regression CNN provides heading rate
commands by extracting the centroid position in the horizontal axis of the im-
age plane from a looking forward camera. Moreover, the trained regression CNN
requires less computation power when compared to depth map estimation meth-
ods and provides online performance for enabling autonomous navigation of the
ARW.

12.4.1.2.1 Centroid extraction

In this work, the CNN has been trained using information of the open space
along the tunnel in sequential frames. This information is expressed through the
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extraction of the centroid of the identified free tunnel space. The overall concept
is based on the depth map estimation of the scene using a single acquired image,
while an image can be expressed using the atmospheric scattering model [15] as
follows:

Iobserved(x, y) = Iinitial(x, y) · T (x, y) + l[1 − T (x, y)] (12.2)

where Iobserved is the observed image, Iinitial is the original image, l is the atmo-
spheric light, T (x, y) is the transmission term, (x, y) are the pixel coordinates
where x = 1, ...,M and y = 1, ...,N with M the width and N the height of the
image. The first term Iobserved(x, y) · T (x, y) is called direct attenuation [16],
and the second term l[1 − T (x, y)] is airlight. The transmission term is usually
defined as [17]:

T (x, y) = e−θD(x,y) (12.3)

where θ is the scattering coefficient of the atmosphere, and D(x,y) is the depth
of the scene for pixel coordinates (x, y). A method that is usually used to com-
pute the transmission term is the Dark Channel Prior (DCP) method [18].

After the depth map has been computed, we perform a gray-scale morpho-
logical closing in order to smooth the image [19]. Then the K-means clustering
algorithm [20] detects a number of clusters in the processed image. From the
clusters, we choose the one with the minimum average intensity. For this cluster,
we compute the centroid [21]. The centroid of this cluster will be at maximum
distance from the camera as preliminary presented in [22].

A brief overview of the method decomposed in the number of steps can be
seen below.

Algorithm 2 Calculate the heading rate correction based on the centroid extrac-
tion.

Input: RGB image acquired by the forward looking camera.

– Input: RGB image acquired by the forward looking camera.
Start

• Step 1. Convert the RGB image to grayscale.
• Step 2. Extract the depth image.
• Step 3. Perform grayscale morphological close and cluster the result image

with K-means.
• Step 4. For the cluster of minimum average intensity extract the centroid

(sx, sy).
End

– Output: Pixel coordinates of the heading point (sx, sy).
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12.4.1.2.2 CNN architecture

The Deep Learning (DL) methods require large amount of data in order to train
the model; however, proper data sets are not available in all the real-life applica-
tion scenarios. Thus, the centroid information from the collected underground
mine data sets is extracted off-line for training the CNN. In this way, data sets
without depth information can be used, and it is not needed for collecting data
sets with depth information, especially, when there is a limited access to the
field. The overview of the proposed method is depicted in Fig. 12.5.

FIGURE 12.5 Overview of the proposed method, while the training data sets are generated off-
line by centroid extraction method, and the CNN provides online heading rate commands based on
images from the looking forward camera.

Fig. 12.6 depicts the architecture of the proposed CNN [7], while it receives a
fixed-size image as an input and provides the centroid position of the tunnel open
space. A CNN is composed of an input layer, a number of hidden layer and an
output layer. The main advantage of these Neural Networks is the fact that they
do not rely on feature extraction from the images, but the features are extracted
automatically and learned during the training process. This is achieved via the
convolution operation that is employed with different type of filters in the initial
image and allows a number of features to be extracted from the initial image.
Furthermore, the convolution operation reduces the number of parameters due
to weight sharing. Finally, the extra layer of pooling simplifies the output by
nonlinear down sampling using. e.g., the ReLUs function.

FIGURE 12.6 Architecture of the proposed CNN for the estimation of the centroid with highest
depth.

The input layer of the CNN is a matrix of 128 × 128 × 1, followed by a
sequence of two 2D convolutional and pooling layers as feature extractors, a
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fully connected layer to interpret the features, and with a dropout layer to reduce
the over fitting [11], and, finally, an output layer with a sigmoid activation [23]
to provide outputs between 0 and 1. Depending on the ARW equipped camera,
the input image of the CNN can have different sizes; however, to reduce the
computational power, the image stream of the camera is resized to 128 × 128
pixels, while for off-line centroid extraction, the data set is resized to 512 × 512
pixels for providing better information, then the centroid position sx is mapped
to [0,1] ([0,511] → [0,1]) for training the CNN.

Thus, the output ocnn of the CNN is a continuous value between [0 − 1] for
representing the centroid position sx , e.g., 0, 0.5, and 1 are the location of the
centroid in the left corner (sx = 0), center (sx = 63) and right corner (sx = 127)
of the image with 128 × 128 pixels, respectively. Then the output of the CNN is
mapped to the heading rate command ([0,1] → [−0.2,0.2] rad/sec), where the
heading rate of −0.2 rad/s, −0.0 rad/s, and 0.2 rad/s corresponds to the centroid
in the left, center, and right corner in the image plane. Algorithm 3 provides
the overview of the proposed method for generating heading rate commands.
The CNN has been implemented in Python by Keras [24] as a high-level neural
network Application Programming Interface (API). The loss function is Mean
Absolute Percentage Error (MAPE), the optimization is based on an Adam op-
timizer [13], the learning rate is 0.001, and the learning rate decay is 5 × 10−6

over each update. Finally, a workstation has been utilized and equipped with an
Nvidia GTX 1070 GPU for the training of the network with 200 epochs and 150
steps per epoch, while the trained network is evaluated online on the onboard
ARW main processing unit. To train the CNN, the data sets collected from mov-
ing the camera by an operator in different directions and from flights in the
underground mine are used. For training the CNN 5067 images, correspond-
ing to 50 m tunnel length is selected, while the data set is shuffled, and 70%
are used for training and 30% for the validation in an off-line procedure. The
trained network provides MAPE of 10.4% and 12.9% on training and validation
data sets.

Algorithm 3 Calculate heading rate command.
Require: I

Ensure: ψ̇d

1: Im×n×3 → I 128×128×1 //converting the RGB image with m × n pixels to
gray scale and resizing to 128 × 128 pixels

2: CNN(I 128×128×1 ) → ocnn ∈ [0,1] //Output of the CNN
3: ψ̇r = ocnn−0.5

2.5 //Mapping [0,1] → [−0.2,0.2] rad/sec

12.5 Results

This section describes the experimental setup and the experimental trials per-
formed in the underground environment. Each method is evaluated separately in
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different locations and for different periods of time. Thus, minor modification
and updates can be noticed on the hardware and software components for ev-
ery experimental trial. Initially, we present the overall experimental setup, while
in the sequel each modification for the different methods is explained in detail
before the presentation of the results.

The following links provide the video summary of proposed methods.

• ARW navigation with potential field and vector geometry method for heading
correction.
Link: https://youtu.be/sW35Q3wVpI0

• ARW navigation with NMPC with 2D collision avoidance constraints and
weighted arithmetic mean method for heading correction.
Link: https://youtu.be/-MP4Sn6Q1uo

• ARW navigation with potential field and CNN classification method for head-
ing correction.
Link: https://youtu.be/j3N8ij9MfSA

• ARW navigation with potential field and CNN regression method for heading
correction.
Link: https://youtu.be/WKHEvcovXqk

12.5.1 Experimental setup

In this work, a quadcopter developed at Luleå University of Technology based
on the ROSflight [25] flight controller is used. The vehicle’s weight is 1.5 kg
and provides 8 min of flight time with 4-cell 1.5 hA LiPo battery. The flight
controller is ROSflight, and the Aaeon UP-Board1 is the main processing unit,
incorporating an Intel Atom x5-Z8350 processor and 4 GB RAM. The operat-
ing system running on the board is Ubuntu Desktop to which Robot Operating
System (ROS) has also been included. Regarding the sensor configuration, a
2D rotating lidar is placed on the top of the vehicle. The velocity estimation is
based on the PX4Flow optical flow sensor at 20 Hz, while the height measure-
ments are provided from the single beam Lidar-lite v3 at 100 Hz, both installed
on the bottom of the vehicle pointing down. Furthermore, the aerial platform is
equipped with two 10 W LED light bars in both front arms for providing ad-
ditional illumination for the forward-looking camera and LEDs looking down
to provide additional illumination for the optical flow sensor. Fig. 12.7 presents
the platform at different viewpoints, highlighting its dimensions and the sensor
configuration.

12.5.2 Lidar based methods evaluation

12.5.2.1 Vector geometry based approach
The location of the field trials was 790 m deep in an underground mine in Swe-
den without any natural illumination sources. Furthermore, the underground

1 https://www.aaeon.com/en/p/up-board-computer-board-for-professional-makers.
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FIGURE 12.7 The developed quadcopter equipped with a forward looking camera, a LED lights,
optical flow, 2D lidar, and single beam lidar.

tunnels did not have strong corrupting magnetic fields, while their morphol-
ogy resembled an S shape environment with small inclination. Overall, the field
trial area had width, height, and length dimensions of 6 m, 4 m, and 150 m,
respectively. Fig. 12.8 depicts one part of the underground mine with uneven
surfaces.

FIGURE 12.8 Photo of 790 m underground mine in Sweden.

The controller has been tuned to compensate light wind-gusts that were
present in the tunnel; however, no wind measurement device was available to
measure the speed of the wind.

The tuning parameters of the NMPC is presented in Table 12.1. The NMPC
prediction horizon N is 40, and control sampling frequency Ts is 20 Hz. While
the parameters of the ARW model is presented in Table 12.2.

In this case, the 2D lidar measurements are used for both potential fields
and heading corrections, the optical flow sensor provides velocity state estima-
tion, and the single beam lidar provides altitude estimations. In order to reduce
2D lidar measurement, noise, and uncertainties for calculating the heading rate,
rather than relying on only one beam, an array of beams are selected and passed
through a median filter. Moreover, the potential field module is relying on 360
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TABLE 12.1 The tuning parameters of the NMPC.

Qx Qu Q�u T φmin φmax θmin θmax

[0,0,6,2,2,3,3,3]� [2, 10, 10]� [0,0,0]� [0,1] ∩R −0.4 rad/s 0.4 rad/s −0.4 rad/s 0.4 rad/s

TABLE 12.2 The parameters of the ARW model.

g Ax Ay Az Kφ Kθ τφ τθ

9.8 m/s2 0.1 0.1 0.2 1 1 0.5 s 0.5 s
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FIGURE 12.9 The velocity commands from the potential field, while the ROSflight platform nav-
igates on the basis of potential field and vector geometry modules.

FIGURE 12.10 The heading rate command and heading angle from the vector-geometry-based
approach, while the ROSflight platform navigates based on potential field and vector geometry mod-
ules.

beams of 2D lidar measurement. The maximum range of 2D lidar is 4 m, and
the safety distance ds for potential field is 1.5 m, which enables the repulsive
forces, while the vector geometry module is always active. Moreover, the de-
sired constant altitude of zr = 1 m is considered for the ARW. Fig. 12.9 depicts
the generated vr,x , vr,y commands from the potential fields. The desired vd,x

velocity is constant at 0.1 m/s, while the changes in vr,x and vr,y are due to
repulsive forces from the tunnel walls.

Fig. 12.10 depicts the ψr and ψ̇r from the vector geometry modules. It can
be seen that when the vr,y has negative values, the ψ̇r has positive values which
means the platform is close to the left wall, trying to move away from the left
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wall with the heading toward the other side of the tunnel. Additionally, it can
be seen that in some cases, the value of vr,x is changing as the ARW is looking
at the walls, and the potential field provides different velocities. Moreover, due
to ds = 1.5 m in the potential field, the commands are mainly constant until the
ARW is close to the obstacles, while the heading commands are always correct-
ing the ARW to look at open areas. The Mean Absolute Error (MAE) between
vx , vy and vr,x , vr,y are 0.25 m/s and 0.13 m/s, respectively. The velocity mea-
surements provided from the optical flow sensor are noisy, but it does not affect
the overall navigation mission. Moreover, the sensor placement and parameter
tuning significantly influence the performance of the measurements.

During the field trials, it was observed that the platform heading was cor-
rected toward the open area. Nevertheless, due to the combination of the tunnel
width with the limitations of the 2D lidar, the ARW path followed an S shape.

12.5.2.2 Weighted arithmetic mean approach
In this case, the ARW was evaluated in two tunnels with different dimensions.
The β and kp for the heading generator approach were 0.95 and 0.03, respec-
tively. In the first tunnel environment, the ARW autonomously navigates with
zr = 1.0 m, vx,r = 0.5 m/s, vy,r = 0.0 m/s. Fig. 12.11 provides the heading rate
generated, which guides the ARW toward open spaces.

FIGURE 12.11 The heading rate command from the weighted arithmetic mean approach in the
first tunnel environment, while the NMPC avoids obstacles.

In the second tunnel environment, the ARW autonomously navigates with
zr = 1.0 m, vx,r = 1.2 m/s, vy,r = 0.0 m/s. The generated heading rate com-
mand is depicted in Fig. 12.12. Moreover, the method is evaluated in block-
age environment, while the constant references of zr = 1.0 m, vx,r = 0.5 m/s,
vy,r = 0.0 m/s are fed to the NMPC. When the ARW reaches the end of the tun-
nel, the return command is transmitted and the ARW returns to the starting point
and passes the blockage again. This test shows the applicability of the method
in applications regarding underground mines to navigate in blocked areas and
return to the base for the reports. The generated heading rate command is pre-
sented in Fig. 12.13, while due to strong magnetic field and disturbances in the
IMU, a high peak heading rate command is instantaneously calculated around
42 s as shown in Fig. 12.13 without affecting the navigation task.
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FIGURE 12.12 The heading rate command from a weighted arithmetic mean approach in the case
of the second tunnel environment navigation, while the NMPC avoids obstacles.

FIGURE 12.13 The heading rate command from the weighted arithmetic mean approach in the
tunnel blockage environment navigation, while the NMPC avoids obstacles.

12.5.3 Vision based methods evaluation

12.5.3.1 Darkness contours detection
The performance of the proposed method is evaluated in an underground tun-
nel located at Luleå Sweden with lack of natural and external illumination in
the tunnel. The tunnel did not have corrupting magnetic fields, while small
particles were in the air. The tunnel morphology resembled an S shape and
the dimensions of the area, where the ARW navigates autonomously, were
3.5(width) × 3(height) × 30(length) m3. The platform is equipped with a
PlayStation Eye camera with a resolution of 640 × 480 pixels and 10 fps. The
front LED bars provide illumination of 460 lux from 1 m distance. The de-
sired altitude and velocities for the ARW were set to 1 m, and vd,x = 0.5 m/s,
vd,y = 0.0 m/s, respectively. The potential field was active for avoiding colli-
sion to the walls. Fig. 12.14 shows the heading rate command generated by the
proposed method for the ARW.

FIGURE 12.14 The heading rate commands generated from the darkness contours extraction
method.
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In Fig. 12.15, some examples from the onboard image stream during the
autonomous navigation are depicted, while the centroids of the darkest contours
are shown. Moreover, it is observed that in the case of branches in the tunnel,
the proposed method cannot recognize them and select the darkest branch as
darkest contour or combine both branches. As an example, Fig. 12.16 depicts
tunnel with two branches and the proposed method consider both branches as
one.

FIGURE 12.15 Sample images of the onboard forward looking camera, while the boundaries of
the darkest contour is shown by red (dark gray in print) color.

12.5.3.2 CNN classification approach
The same platform and environment, as in Section 12.5.2.1, is used for eval-
uation of the potential field and the CNN classification approach. The ARW
desired altitude is 1 m with constant desired vd,x = 0.1 m/s. Additionally, the
platform is equipped with PlayStation Eye Camera to provide image data for
the CNN module as depicted in Fig. 12.17. The PlayStation Eye camera was
attached to the camera mount, facing forward with a weight of 0.150 kg, this
camera was operated at 20 fps and with a resolution of 640 × 480 pixels. Fur-
thermore, the LED light bars provide 460 lux illumination in 1 m distance.

The CNN requires data sets for training, thus the setup in Fig. 12.18 has
been used. The setup consists of three mounted cameras with separated LED
light bars pointing toward the field of view of each camera. Different cameras,
including Gopro Hero 7, Gopro Hero 4, and GoPro Hero 3, are used to reduce
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FIGURE 12.16 Tunnel with two branches and the darkest area is extracted and is shown by red
(dark gray in print) boundaries.

FIGURE 12.17 The ROSflight based platform equipped with PlayStation Eye camera.

the dependency of training data sets to specific cameras. Additionally, the light
bars were calibrated to provide an equal illumination power, while data sets are
collected with different illumination levels of 460 lux and 2200 lux from 1 m
distance to consider uncertainties in illumination. During the data collection,
each camera has a different resolution and Frame Per Second (fps) of 3840 ×
2160 pixels with 60 fps, 3840×2160 pixels with 30 fps, and 1920×1080 pixels
with 30 fps for Gopro Hero 7, Gopro Hero 4, and GoPro Hero 3, respectively.
To reduce the redundancy of the images, the videos are down-sampled to 5 fps
and converted to a sequel of images, however, without loss of generality faster
fps could be selected. The images are re-sized to 128 × 128 pixels, converted
to gray-scale mode and labeled based on the direction of the camera. During
the data set collection, the triple camera setup is carried by a person, while
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guaranteeing that the middle camera is always looking toward the tunnel axis,
and the camera is held 1 m above the ground.

FIGURE 12.18 The triple camera setup for obtaining training data sets for CNN.

Furthermore, the collected data sets are carefully selected to be not from
the same tunnel area, which the ARW should be evaluated in for autonomous
navigation. There has not been applied any camera/rig calibration process during
the training process of the CNN. The captured images from the triple camera set
have been resized and provided as input to the training phase of the learning
workflow without any rectification thus with their fisheye distortions. Fig. 12.19
depicts the sample images from an underground mine collected by triple camera
setup for training the CNN.

FIGURE 12.19 Examples of collected images from underground mine used for training the CNN.
The left, center, and right images are from cameras looking toward left, center, and right, respec-
tively.

After training, the CNN uses the obtained data sets on the workstation out-
side of the mine. The online video stream from the PlayStation Eye camera is
re-sized, converted to gray-scale mode and fed to the CNN for generating the
heading rate commands for the ARW to navigate autonomously in the mine. The
output of the CNN is the class of the image, while for each label constant head-
ing rate commands are generated for the ARW. The −0.2 rad/s, 0.0 rad/s, and
0.2 rad/s are the heading rate commands that correspond to the left, center, and
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right labels, respectively. Fig. 12.20 shows sample images from the PlayStation
Eye camera, where the class is written above each image.

FIGURE 12.20 Examples of images from PlayStation Eye camera, while the ARW performs au-
tonomous navigation in underground mine. The class of images from the CNN is written above the
images.

A merit of the proposed CNN navigation method is the applicability of
the network in unexplored areas of the similar structure. More specifically, the
trained network can provide accurate classification of tunnel areas that have not
been included in the training phase or have different surfaces with different level
of illumination. Therefore, the CNN can be deployed in new tunnels for which
it has not been trained for, reducing the complexity and time of the inspection
task.

In this case, similar to Section 12.5.2.1, the potential field is active when ds

is less than 1.5 m. In the summary video, it can be seen that the platform heading
is corrected toward the center of the tunnel, and the platform follows almost a
straight line as the image streams provide sufficient information about the walls
and center of tunnel. However, the heading of the ARW changes frequently with
2 [Hz] as depicted in Fig. 12.21.

This is due to the width of the tunnel and the corresponding camera field of
view, small heading angle rotations results in different label of the images, e.g.,
from right label to left label.

Moreover, the Parrot Bebop 2 [26] is used for autonomous navigation in
the mine, and only the CNN module for correcting the heading with velocity
vd,x = 0.1 m/s and constant altitude of zd = 1 m is tested. The illumination of
310 lux from 1 m distance from the source is provided for this platform. The area
differs from the collected training data sets and the same trained network as used
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FIGURE 12.21 The ψ̇r generated from CNN classification method.

before. The main purpose of this case is to evaluate the performance of the stand-
alone CNN module, while the onboard camera is different, the light source is
provided by a person following the platform, and the potential fields component
is not available. Fig. 12.22 shows the examples of classification images, while
flying autonomously in the mine. It can be seen that some classes of images are
not identical, but the CNN provides correct heading and avoids collision to the
mine walls. It can be observed that the proposed CNN obtained the necessary
information for correct image classification without any brightness adjustment

FIGURE 12.22 Examples of images from forward-looking camera of the Parrot Bebop 2, while
the ARW performs autonomous navigation in the underground mine. The class of images from the
CNN is written above the images. The brightness adjustment with Adobe Photoshop [27] is applied
off-line for better visibility of images.
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of the images. The frequency of heading rate commands generated from the
CNN module is 4 Hz as depicted in Fig. 12.23. The heading rate command
frequently changes for the same reasons mentioned before.

FIGURE 12.23 The ψ̇r generated from CNN classification with Bebop platform.

In order to test the general applicability of the trained CNN, data sets
from [28] are used to evaluate the performance of the method. The data sets
are labeled to three categories, and the two underground tunnels are located in
Luleå and Boden in Sweden with a different size dimension and structure when
compared to the Boliden mine environment. Fig. 12.24 provides photos from
two underground tunnels.

FIGURE 12.24 Photos from an underground tunnels in Sweden.

The trained CNN provides a 78.4% and 96.7% accuracy score for Luleå and
Boden underground tunnels, respectively. The accuracy is calculated by the
number of correct classified images over the total number of images. Moreover,
Tables 12.3 and 12.4 provide the confusion matrix for each underground tunnel.

12.5.3.3 CNN regression approach
To train the CNN, two data sets are used, first the collected data set from mov-
ing the camera by an operator in different directions and secondly from looking
forward camera of the ARW flights in the underground mine. Fig. 12.25 depicts
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TABLE 12.3 The confusion matrix for the Luleå un-
derground tunnel data set.

Predicted outcome

left center right
A

ct
ua

l
cl

as
s

left 85.5% 3.1% 11.2%

center 19.2% 66.8% 13.9%

right 16.35% 0.7% 82.8%

TABLE 12.4 The confusion matrix for the Boden un-
derground tunnel data set.

Predicted outcome

left center right

A
ct

ua
l

cl
as

s

left 97.6% 2.4% 0%

center 0.6% 98.1% 1.2%

right 2.4% 2.4% 95.0%

few samples of the images, while the corresponding centroid location is also in-
dicated. For training, the CNN 5067 images corresponding to 50 m tunnel length
are selected, while the data set is shuffled, and 70% are used for training, and
30% for the validation in an off-line procedure. The trained network provides
MAPE of 10.4% and 12.9% on training and validation data sets.

FIGURE 12.25 Samples of collected images from an underground mine used for training the
CNN, while the centroid estimation is shown by a red (gray in print) circle.
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The performance of the proposed CNN regression method is evaluated by
the same hardware setup as in Section 12.5.3.2 and in the same tunnel envi-
ronment as in Section 12.5.2.1. Fig. 12.26 shows the heading rate command
generated by the CNN module, that due to the narrow width of the tunnel and
the corresponding camera field of view, small heading angle rotations results
in the replacement of the centroid in another direction, thus the heading rate
commands are generated in different signs frequently.

FIGURE 12.26 The heading rate commands generated from the utilized regression CNN.

In Fig. 12.27, some examples from the onboard image stream during the
autonomous navigation are depicted, while the centroids obtained from the cen-
troid extraction method and the CNN are compared. Moreover, it should be
highlighted that the CNN only estimates the sx centroid position, and the input
image of the CNN is resized; however, for comparison, in the following figure,
it is assumed that the sy position of the centroid and resolution of the image are
the same in both cases.

In few cases, the CNN failed to recognize the centroid position as well as
branches in the tunnels as depicted in Fig. 12.28, which resembles a clear future
area of research.

12.6 Lessons learned

Throughout the experimental trials for the underground tunnel inspection sce-
nario, many different experiences were gained that assisted in the development
and tuning of the algorithms utilized. Based on this experience, an overview of
the lessons learned is provided below in relation to the different field algorithms
used.

12.6.1 ARW control

Due to the nature of the floating object approach, identifying the explicit prob-
lem is challenging. However, there are multiple parameters that can affect the
performance of the control scheme. The weights in the objective function have
a direct impact on the controller’s tracking performance, e.g., the higher weight
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FIGURE 12.27 Comparison of sx from CNN and centroid extraction method from ARW onboard
camera. The CNN estimation is indicated by a blue (dark gray in print) circle, while the centroid
extraction method is indicated by a red (lighter gray in print) circle.

FIGURE 12.28 Different centroid recognition in the case of mining tunnel branches. The CNN
estimation is indicated by a blue (dark gray in print) circle, while the centroid extraction method is
indicated by a red (dark gray in print) circle.

in altitude terms results in a smaller altitude error. Nonetheless, due to fluctua-
tions in velocity estimation, eliminating the error in tracking cannot be obtained,
while too large values on the weights results in an oscillation of the platform.
Moreover, the physical constraints of the ARW, such as the maximum velocity,
maximum acceleration, and bounds on angles, should be taken into considera-
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tion, based on the field trial conditions. As an example, due to the high wind
gusts in the underground tunnels, the NMPC should have larger bounds on an-
gles for better wind gust compensation. Nonetheless, it is observed that high
wind gusts cannot be compensated even with maximum bounds on the angles,
due to the larger wind velocity from the maximum velocity of the platform.

12.6.2 Localization

Overall, the performance was substantial, but alternative methods should be
studied to improve the performance and stability of this particular component.
More specifically, sensor fusion should be part of the localization module, com-
bining the merits and redundancy of various sensors into a solid solution.

12.6.3 Navigation

Potential field: This component relies on 2D lidar and the update rate is limited
to 5 Hz. Additionally, large angles for roll and pitch results in considering the
ground as an obstacle.

Vector geometry based approach: This module, similarly to the poten-
tial field method, relies on a 2D lidar, thus the same limitations are observed.
Moreover, due to the limited range of the 2D lidar and the low sampling rate,
the generated heading rate commands result in an S shape path. Finally, it
is observed that obtaining heading rate commands, based on only one beam
measurement for each direction, is not reliable. Instead, an array of beams are
selected for representing each direction, which results in smoother heading rate
commands.

Weighted arithmetic mean approach: This module also relies on a 2D
lidar, thus the same limitations are observed. However, the integrated z-axis of
the gyro in the IMU results in better performance when compared to the Vector
Geometry Based method.

Darkest contour extraction: This method relies on visual sensors and pro-
vides correct heading commands for collision avoidance. However, the main
restriction of the method is relying on the dark environment. Thus, the present
of the light sources in the environment will result in failure of the method.

CNN classification: The CNN relies on input images from a camera, thus
the update rate is 30 Hz. However, the CNN requires training data sets, a LED
light bar for the camera, and there is no guarantee that the proposed solution
will work in completely different mine environments, thus there is a need for
further investigation in this direction. Additionally, during the field trials, it has
been observed that the stand alone CNN, in some cases, resulted in the ARW
navigating close to the wall as depicted in Fig. 12.29, due to the fact that the
CNN does not provide a y-axis reference velocity, and it only generates heading
rate commands toward the tunnel axis. This is caused by the lack of a 2D lidar
sensor on the platform, which results in unavailability of the potential field that
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is responsible for providing velocity commands on x- and y-axes toward the
open area, while respecting the specified safety distance. However, this case is
avoided utilizing a potential field or NMPC with collision avoidance constraints
module on top of the CNN, while for such an operation, the CNN approach
should be fused with a lidar, a fact that will increase the performance and the
overall safety, but it will also decrease the payload. Finally, the method is pro-

FIGURE 12.29 The ARW navigates close to the wall due to the stand-alone CNN module and the
corresponding absence of a potential field module for obstacle avoidance in the Bebop case.

viding discrete heading command rates compared to the other methods, which
results in bang-bang heading movements.

CNN regression: This method uses CNNs to extract the centroid of the open
area. The data set is provided by the centroid extraction method to train the
CNN. As a result, one can expect that the results of this method will be ide-
ally as good as those of centroid extraction method standalone, and it cannot
provide better results. Also, as in the CNN classification, we noticed a similar
behavior in the heading rate commands due to the narrow width of the tunnel
and the corresponding camera field of view; small heading angle rotations result
in replacement of the centroid in another direction.

12.7 Conclusion

This chapter demonstrated the application of autonomous navigation for aerial
vehicles in unknown underground tunnels with a resource-constrained low-cost
platform. The presented navigation framework is evaluated in challenging real
mining environments to evaluate the performance of the navigation modules.
Moreover, the implemented control scheme ensures collision-free and optimal
operations inside the mining environment. The framework is evaluated in min-
ing tunnels without multiple branches and with the a width size in the range of
a 2D lidar, thus, mainly, one open area can be recognized. Further work could
focus on these kinds of environments as in Fig. 12.30 that depicts some schemat-
ics of these cases, where, in the first two cases, the ARW navigates in only one
branch, and in the third case, the ARW is trapped in a void area. It should be
highlighted that while the presented method provides collision-free paths, it can-
not guarantee the full coverage of the area and there is a need for a higher-level
mission planner.
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FIGURE 12.30 Schematic of the possible tunnel and void structures. The color of the vectors
represent their distance to the obstacles, while green (gray in print), yellow (light gray in print), and
red (black in print) are large, medium, and small distances to obstacles.

Furthermore, during the field trials, small particles presented in the air and
small rocks on the ground moved due to the airflow generated from the ARW.
Fig. 12.31 depicts some of the looking forward camera images in dusty areas
visited by the drones. In all these cases, the aerial platform was able to pro-
vide reliable sensor measurements and avoid collisions. However, for a general
conclusion of the overall applicability of the proposed scheme in other types of
mines (except iron ore mines) requires further experimentation and tuning as
well as improvement of the utilized visual perception in combination with novel
vision based strategies, issues that are all crucial and important aspects of future
work in toward the fully autonomous and robust aerial platforms operating into
mines.

FIGURE 12.31 Sample examples of images from the ARW’s forward looking camera, while small
particles were floating in the air.
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Chapter 13

Edge connected ARWs
Achilleas Santi Seisa and Anton Koval
Department of Computer, Electrical and Space Engineering, Luleå University of Technology,

Luleå, Sweden

13.1 Introduction

Even though Aerial Robotic Workers (ARWs) have constructional and opera-
tional constrains, that can lead to computational limitations, they have to com-
plete complex tasks under the increased requirements for autonomous robots’
capabilities. At the same time, these procedures must be completed in real-time.
For these cases the edge computing is mostly needed, to provide the desired
high computation power, while retaining an overall low latencies. The develop-
ment and utilization of edge computing technologies is drastically boosting the
levels of robotic autonomy and result in overcoming existing onboard hardware
limitations. In comparison to cloud computing, edge computing has the capacity
to enable local computing thus dealing more efficiently with big volumes and
velocities of generated local data [1]. Moreover, it will provide lower latencies
due to the significantly smaller distance between the edge connected robots and
the edge data centers.

13.2 Edge computing

The operations of ARWs are usually based on complex methodologies and algo-
rithms, which are computationally demanding. ARWs’ platforms can not handle
the such processes since they do not have the required computational power on-
board. Thus, it is crucial to increase the computational capability of ARWs. This
is one of the main reasons, why utilization of external resources for robotic ap-
plications has been studied so extensively. Similar to onboard computers, edge
platforms can handle huge amount of data at a very high processing speed,
providing strong computation capacity and real-time data transmission. Addi-
tionally, since the hardware of edge computing is located in a close distance to
the robots, the time delays for the data to be transfer from the robots to the edge
and vice versa, are relatively small.

Aerial Robotic Workers. https://doi.org/10.1016/B978-0-12-814909-6.00019-6
Copyright © 2023 Elsevier Inc. All rights reserved.
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13.2.1 Cloud – Fog – Edge

The need for computational power and storage resources has led to the develop-
ment of various computing architectures [2]. Researchers from several fields of
technology like deep learning [3], video analytics [4], and industry 4.0 in gen-
eral [5] are trying to utilize the available architectures or propose new ones, in
order to solve various challenges. All these architectures are based on four dif-
ferent computing and storage layers as depicted in Fig. 13.1, where the bottom
layer is formed from the connected devices, up to the top layer that forms the
cloud. These layers are the basis of any architecture for distributed resources,
and edge connected ARWs are no exception.

FIGURE 13.1 Data processing and storage layers.

Giving a closer look at each architectural layer, from the robotics perspective
will allow a better understanding of the opportunities and challenges that can be
addressed using one or another architecture.

At its base, the device layer is represented by individual robots, like ARWs,
that are equipped with application driven sensors like cameras and lidars for per-
ception, navigation, and inspection tasks. These sensors can produce gigabytes
of data, which has to be processed onboard in order to enable the autonomous
capabilities of the robotic platform. However, due to the limited computational
power, only light data processing, which is required, for example, for a single
robot Simultaneous Localization and Mapping (SLAM) and low-level control,
can be performed onboard. While in more demanding applications, which in-
volve multiple ARWs, there is a need to extend this layer with edge or fog layers.
These layers are located close to device layer and allow real-time data process-
ing of large data batches that are streamed from the network connected robots to
the edge server, where heavy computations that require low latencies are carried
out. One of such examples is the multi-session SLAM in which multiple SLAM
missions are performed collaboratively by multiple ARWs that explore the same
environment. Besides, the fog layer allows extending the exploration mission to
multiple environments thus creating a network of heterogeneous interconnected
nodes. The cloud layer, which is located far away from the device layer, excels
over the edge and fog layer in terms of storage and computational capabilities.
Additionally, cloud layer is commonly characterized by long response latencies,
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which can be explained by the long distance between the device and the cloud
layer, and thus the robotic challenges for the next generation robotic systems
cannot be fully addressed by solely this layer. Thus, one can observe various
architectures that are based on the collection of these multiple layers that create
a computing ecosystem.

13.2.2 Virtual machines – containers – kubernetes

With the advent of cloud computing and virtualization, many applications apart
from robotics are exploring the optimal possible utilization of such technologies.
Virtualization options are a known discussion in the academia and industry. In
this subsection, three most popular virtualization technologies, as well as their
characteristics, are presented and compared in terms of benefits and drawbacks
for cloud robotics applications.

13.2.2.1 Virtual machines
A virtual machine (VM) is a computer resource that utilizes software instead of
a physical computer to deploy applications and run programs and processes [6].
VMs also provide a complete emulation of low-level hardware devices like
CPU, Disk, RAM, networking devices, and others. Moreover, VMs can be con-
figured accordingly, to support any application topology and provide a stable
platform regarding dependency issues (operating system compatibility, specific
software packages, etc.). Specifying computational resources, resource scaling,
redeploying VM applications on different host computers, isolating sensitive ap-
plications, as well as running VMs in the edge cloud, are some of the benefits
that VMs offer in cloud robotics-related applications. Furthermore, VMs pro-
vide a more dynamic and interactive development experience when compared
to other virtualization technologies. The latter derives from the fact that VM en-
compass a full-stack system, as well as utilizing an entire operating system and
what one may provide, e.g., a Graphical User Interface.

13.2.2.2 Containers
Containers are software packages that include all the software dependencies
required to execute the contained software application. The main difference
between container and VM is that VM emulates an entire machine down to
the hardware layers, while containers only emulate the software components.
Such software components might be system libraries, external software pack-
ages, and other operating system level applications [7]. Because containers are
only emulating software components, they are more lightweight and easy to
iterate. Additionally, most container runtime systems provide robust pre-made
container (image) repositories.

A popular example in robotic applications could be the Robot Operating
System (ROS) image. Another key benefit of container technologies is that soft-
ware packages, contained in the constructed images, can be stacked in levels and
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produce a novel and more complete applications. These flexible characteristics
of containers, i.e., lightweight and easy to iterate, are responsible for the birth
of another technology, container orchestration.

The architecture of a containerized applications for robotic systems is shown
in Fig. 13.2. As it is indicated, data are sent from the robots to the edge and
then commands generated from the containers are sent back to robots. Data
processing, high level controllers, and advanced algorithms can be deployed to
the application containers for various robotic missions.

FIGURE 13.2 Docker-based [8] edge architecture for offloading the model predictive controller.

In the case depicted in Fig. 13.2, the Model Predictive Control (MPC) has
been offloaded to the edge in the form of a docker [8] container. For this docker-
based edge architecture, two docker images were deployed with all the neces-
sary libraries and dependencies in order to run the controller. The first docker
container is running the ROS master where all the ROS nodes have to register
in order to communicate with each other, and the second docker container con-
tains the MPC application and is running the controller. The MPC is responsible
for controlling the trajectory of the ARW. The states x(k), which are the lin-
ear position, linear velocity, and quaternions, are generated by the robot and are
published to the odometry ROS topic. The MPC ROS node subscribes to that
topic as well to the reference ROS topic which publishes the referenced trajec-
tory signal of the ARW, r(k). The state signal arrives to the MPC ROS node
with time delay due to the travel time between the robot and the edge; thus, the
state signal on the MPC is x(k − d1). The generated by the MPC control signal
is denoted as u(k − d2) and is published to the control topic to which the robot
ROS node subscribes in order to receive that control signal. The control signal
arrives to the robot with some delay, so it is stated as u(k − d3). Finally, the
output of the system is represented as y(k).
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13.2.2.3 Kubernetes
Kubernetes (k8s) is an open-source platform that orchestrates container runtime
platforms across network-connected hardware infrastructure [9]. The k8s was
initially developed by Google that needed an efficient way of managing billions
of container applications weekly. In such systems, appeared the additional needs
like reliability, scalability, robustness, security, and others, which are the essen-
tial requirements in real-world applications. The k8s bundles a set of containers
into a group (called pod) and manages their life cycle.

An example of such a set could be an application server, an SQL database,
a MPC running apart from the robot as in Fig. 13.3, a set processing SLAM,
and others. The k8s will manage these pods performing multiple essential tasks,
such as reducing network overhead, increasing resource usage efficiency (load
balancing between copies of the same application, either to the same machine
or across the cloud cluster), and hardware resources designated for your specific
configuration, monitoring, and much more, since k8s is a rapidly progressing
state-of-the-art technology.

FIGURE 13.3 Kubernetes-based edge architecture for offloading the model predictive controller.

In Fig. 13.3, a small topology architecture example is illustrated. In this case,
like in Fig. 13.2, the ARW is connected to the edge, but this time, the appli-
cations needed for the operation of the MPC are orchestrated by the k8s. In
this example, the k8s is responsible for scheduling resource-demanding com-
putational jobs (on different worker nodes), managing network traffic and can
also be utilized for redundancy requirements. Kubernetes cluster consists of two
nodes, the master node, which controls and manages the worker node, and the
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worker node where the application pods are deployed. The worker node consists
of two pods. The first pod consists of the ROS master, which is necessary for
the ROS operation, and the second pod, which consists of the controller and all
the necessary libraries and dependencies.

13.3 Communication layer

The communication between the computing layers is an important factor of the
mentioned architectures. Many different protocols, networks, infrastructures,
and configurations have been used for enabling cloud, fog, and edge comput-
ing. There are many studies where networks, such as WiFi and LTE [10], have
been used for robotic platforms, while the integration of 5G networks is gaining
a lot of focus.

The communication between the device layer and the edge layer can be
achieved both with WiFi or cellular networks [11]. WiFi is an inexpensive op-
tion and easy to use. The utilization of WiFi for data transferring from a ARW
to the edge and vice versa has been studied, and the indicative values are shown
in Figs. 13.4, 13.5, 13.6, and 13.7.

FIGURE 13.4 Travel time for a signal to travel from the ARW to the edge over WiFi of a docker-
based edge architecture.

In Figs. 13.4 and 13.5, the travel time between the ARW and the edge is
depicted, when controlling the trajectory of a ARW through the edge over WiFi,
and the edge architecture is docker-based. The measured mean travel time for
a signal, containing a message about the states of the robot, to travel from the
ARW to the edge is 9.2 ms, while the measured mean travel time for a signal,
containing a message with the commands for the robot, to travel from the edge
to the ARW is 14.5 ms.

A similar setup, as in Figs. 13.6 and 13.7, was used for capturing the travel
time between the ARW and the edge. Again WiFi was utilized when controlling
the trajectory of a ARW though the edge, but in this case, a kubernetes-based
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FIGURE 13.5 Travel time for a signal to travel from the edge to the ARW over WiFi of a docker-
based edge architecture.

FIGURE 13.6 Travel time for a signal to travel from the ARW to the edge over WiFi of a
kubernetes-based edge architecture.

FIGURE 13.7 Travel time for a signal to travel from the edge to the ARW over WiFi of a
kubernetes-based edge architecture.
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architecture was implemented. In this example, the measured mean travel time
for the state signal to travel from the ARW to the edge is 8.9 ms, while the
measured mean travel time for the command signal to travel from the edge to
the ARW is 16.1 ms.

Although WiFi offers, in many cases, efficient performance, it has some
drawbacks, such as limited transmission range. 5G technology, on the other
hand, can have a complimentary role to edge computing and cover broader ar-
eas providing real-time solutions due to its low latencies. Additionally, 5G can
maximize the system throughput and bandwidth and provide a novel infrastruc-
ture with significant features, such as task scheduling, prioritizing, routing data,
network slicing, etc. [12,13].

13.4 Conclusion

In this chapter, the benefits and the challenges of edge computing for aerial
robots were presented, as well as the main computing layers, the communication
between them and some key components used in many edge-based architectures.
The chapter concludes with presenting some measured data of edge connected
ARWs over WiFi. These technologies can contribute significantly to enhancing
the performance of ARWs and enabling new capabilities that will foster moving
toward safer aerial robot autonomy.
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237, 240
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design, 54, 55
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heading, 53
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147, 186, 194, 205
scheme, 195
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239, 240
features, 160
module, 230, 233, 235, 237
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Cooperative
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coverage path planner, 97

Cost function, 54, 56, 58–60, 84–87, 99,
116–118, 144

Counter clockwise (CCW), 19
Coverage path, 175

planner, 96
planner, cooperative, 97

Coverage path planning (CPP), 96
Coverage trajectory, 200, 202
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Cylindrical objects, 142

D
Dark Channel Prior (DCP) method, 221
Darkest contour extraction, 239
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Degree of freedom (DoF), 33, 38, 43, 84,
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Depth
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information, 23, 68, 77, 220, 222
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Drone, 6, 8, 15, 46, 94
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E
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Event trigger camera, 23
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behavior, 100
frameworks, 110
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problem, 123
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results, 125
strategy, 125
task, 81, 110, 114, 124, 215
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algorithm, 126
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framework, 123, 125
methodology, 110
pipeline, 125
solution, 124

Extended Kalman Filter (EKF), 195, 217

F
Field of View (FoV), 177, 194, 205
Field trials, 201, 204, 207, 209, 224, 228,

239, 241

Flight
controller, 8, 216, 217, 224
paths, 178
performance, 21
time, 15–18, 129, 147, 193, 199, 201,

203–205, 224
time calculators, 16
time requirement, 21

Flight controller unit (FCU), 18
FLIR ADAS dataset, 160, 168, 170
Flying

arena, 155
ARWs, 18
behavior, 7
duration, 13
environment, 208
platform, 213

Forward facing cameras, 160
Frame

ARWs, 7
base, 35, 143
configuration, 7
construction, 8
design, 5
fixed/ground, 34
ground, 34, 35
LiDAR, 82
quadrotor, 7
rate, 24, 148, 149, 206
sizes, 11
structural, 43
three-dimensional ground, 34
vibration effect, 25

Free tunnel space, 221
Frontier

approach, 117
based exploration, 113, 120
based method, 115
detection, 114
edge cell, 114
evaluation, 117
exploration, 110, 111
generation, 116
optimal, 117
point, 116, 119
regions, 114

Fused filament fabrication (FFF), 8
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150, 152, 153

H
Hamming distance, 71
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angle, 103, 240
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Hexacopter manipulator carrier, 147
Hovering, 8, 20, 141, 150, 155

I
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sources, 217, 224
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Incremental exploration, 119
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195
Inertia frames, 42
Inertia matrix, 39, 46

Inertial frame, 38, 40
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LiDAR, 217
position, 75, 101
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services, 3

Input
angles, 137
control, 33, 53, 55–60, 85, 86, 98, 99
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applications, 68
artificial indoor structure, 203
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in subterranean environments, 160
infrastructure, 1, 3, 10, 22, 23, 25, 141,

176, 203, 208, 209
mission, 97, 204
objects, 177, 191, 195, 197
path, 79, 96
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scheme, 175
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information, 217
measurements, 101, 225, 227
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sensors, 24, 239
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control, 53
controller, 54, 55, 64
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CPLEX solver, 183
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Model Predictive Control (MPC), 142,
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controller, 64
position controller, 147, 194, 195

Model predictive controller, 54
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mapping, 188
system, 208
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Motor
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commands, 42, 49, 61
control board, 28
mixer, 63
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surface, 98
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NMPC, 90
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This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



262 Index

Onboard
camera, 161, 219, 234
localization, 190
sensors, 81–83, 97

Openvino framework, 149
Opposite motors, 20, 32
Optimal

frame design, 7
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requirements, 149
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PD controller, 50, 52, 59
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evaluation, 110
flight, 21
index, 53, 54
measure, 219

Perspective-n-Point (PnP), 71, 74, 190
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angles, 42, 61, 84, 133
commands, 84

control, 60, 86
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moment, 39
roll, 63
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141, 145–147, 149, 150, 152,
187, 199, 201, 203, 213, 214,
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3D, 143
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processing, 144, 146
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Positioning error, 205

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



Index 263

Potential field, 82, 90, 215, 217, 224, 225,
228–230, 233, 239

Potential obstacle, 121
Prediction horizon, 55, 59, 62, 83, 84, 86,

87, 89, 90, 130
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platform, 109, 111, 143, 246, 250
systems, 247, 248
technologies, 109

Robust Visual Inertial Odometry
(ROVIO) algorithm, 195

Roll
angles, 42
maneuvers, 7
moment, 39
pitch, 63

Rolling maneuver, 20
Root Mean Square Error (RMSE), 133,

135, 137, 201, 203
Rotation

angles, 45
arms, 43, 45

This book belongs to Kitab Liaison (ocd1996@gmail.com) Copyright Elsevier 2023



264 Index

LiDAR, 102
matrix, 35, 42

Rotational
acceleration, 39
dynamics, 33, 37, 41
inertia, 42
maneuvers, 46
speeds, 50

Rotor speeds, 31, 40, 53, 195, 216
Rotorcraft ARWs, 2

S
Safety distance, 80, 85, 90, 186, 187, 201,
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tracking, 63, 207
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surface, 160
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commands, 217, 240
controller, 213
state, 42

state estimation, 225
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Visible light camera, 159, 168
Vision Processing Unit (VPU), 23, 149
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Visual Inertia (VI) sensor, 193, 194
Visual information, 159
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Visual sensor, 148, 150

W
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Waypoints tracking performance, 133
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link, 200
utilization, 250

Wind
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turbine, 4, 97, 179, 191, 199–204, 208,
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turbine inspection, 199, 203, 205, 207
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turbine tower, 208
turbine visual data acquisition, 201
velocity, 239

World frame, 32, 35, 52, 74, 118, 143

Y
Yaw

angles, 33, 50, 186
rotation, 42
rotation angles, 31
trajectory, 195

You Only Look Once (YOLO), 75

Z
ZYX Euler angles, 35
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