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ABSTRACT

Micro Aerial Vehicles (MAVs) are platforms that have received significant research resources
within robotics community, since they are characterized by simple mechanical design and ver-
satile movement. These platforms possess capabilities that are suitable for complex task ex-
ecution, in situations which are impossible or dangerous for the human operator to perform,
as well as to reduce the operating costs and increase the overall efficiency of the operation.
Until now they have been integrated in the photography-filming industry, but, more and more
efforts are directed towards remote reconnaissance and inspection applications. Moreover,
instead of carrying only sensors these platforms could be endowed with lightweight dexter-
ous robotic arms expanding their operational workspace allowing active interaction with the
environment, capabilities that can be vital for applications like payload transportation and in-
frastructure maintenance.

The main objective of this thesis is to establish the concept of the resource-constraint aerial
robotic scout and present perception aware frameworks for guidance of the platform and the
aerial manipulator as part of the enabling technology towards autonomous capabilities. The
majority of the works has been developed aiming the application scenario of the MAV deploy-
ments in subterranean environments for search and rescue missions, infrastructure inspection
and other tasks. It is essential for the inspection or reconnaissance task to get visual feedback
from the robot and therefore, this thesis evaluates methods for low light image enhancement in
real environments and with datasets collected from flying vehicles, while proposes a prepro-
cessing methodology of the visual dataset for enhancing the 3D mapping of the area. Another
capability required when deploying the platforms is the navigation along the tunnel. This the-
sis establishes a novel robocentric Non Linear Model Predictive Control (NMPC) framework
for fast fully autonomous navigation of quadrotors in featureless dark tunnel environments.
Additionally, this work leverages the processing of a single camera to generate direction com-
mands along the tunnel axis, while regulating the platform’s altitude. Finally, combining the
agility of MAVs with the dexterity of robotic arms leads to a new era of Aerial Robotic Work-
ers (ARWs) with advanced capabilities, suitable for complex task execution. This technology
has the potential to revolutionize infrastructure maintenance tasks. The development of effi-
cient and reliable perception modules to guide the aerial platform at the desired target areas
and perform the respective manipulation tasks is, among others, an essential step towards the
envisioned goal. Thus, the aim of this work is the establishment of a visual guidance system
to assist the aerial platform before applying any physical interaction. The proposed system is
structured around a robust object tracker and is characterized by stereo vision capabilities for
target position extraction, towards an autonomous aerial robotic worker.
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CHAPTER 1

Thesis Introduction

1.1 Introduction to Micro Aerial Field Robotics
A robot can be defined as a re-programmable and multi-functional electro-mechanical device
that is able to follow a set of instructions and perform a specific task with a certain level
of autonomy. Historically, the type of robotic platform that is mostly associated within this
field are robotic manipulators, since this was, for many years, the technology that thrived in
the industry and revolutionized their production processes. Robotic platforms have proved to
reliably repeat their task with the same accuracy.

Nowadays, the miniaturization of hardware led to new concepts of robotic platforms that
can be affordable, accomplish complex tasks that have never been introduced in the past, while
widening the scope and influence of robotics in the society. One type of robots that are currently
constantly evolving are the aerial robots and especially MAVs.

MAVs have become a major field of research in recent years. Nowadays, more and more
MAVs are recruited for civilian applications in terms of surveillance and infrastructure inspec-
tion, thanks to their mechanical simplicity, which makes them quite powerful and agile. In
general, aerial vehicles are distinguished for their ability to fly at various speeds, to stabilize
their position, to hover over a target and to perform manoeuvres in close proximity to obsta-
cles, while fixed or loitering over a point of interest, and performing flight indoors or outdoors.
These features make them suitable to replace humans in operations where human intervention
is dangerous, difficult, expensive or exhaustive. Industries that are actively investigating the
technology are, but not limited, energy, mining, search and rescue, off-shore, surveillance. In
a nutsell, all the effort around MAVs has established them in the forefront of the technological
advancements.

Field Robotics is a research area that is conducted worldwide with interesting results, while
constantly pushing the limits of “field-tested” technology forward. The main focus is the devel-
opment of autonomous robotic systems that are capable to operate in challenging and cluttered
environments, like forests, underground tunnels, large infrastructures and more. The term Field
Robotics indicates also that it is part of a multidisciplinary research society, developing novel
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4 INTRODUCTION

technologies including the platform design, path planning, control, perception, mission plan-
ning and more. Moreover, the latest advances in the embedded hardware, allows to elaborate
software solutions to be implemented, deploying advanced robotic platforms that will re-shape
the current industry practices.

This thesis is focusing in the area of perception aware mechanisms for micro aerial robotics
under the umbrella of field robotics, targeting applications and capabilities of these platforms,
which couple perception with challenging applications, as well as platform guidance and nav-
igation.

1.1.1 Terminology definitions

For establishing a terminology basis, this part presents some frequently used terms in the re-
lated literature that are closely related to the field under investigation.
Unmanned aerial vehicle – Aircraft without a human pilot onboard. Control is provided by
an onboard computer, remote control or combination of both.
Unmanned aircraft system – An unmanned aircraft is a component of a UAS. It is defined by
statute as an aircraft that is operated without the possibility of direct human intervention from
within or on the aircraft [1]
Micro Aerial Vehicle – A small sized unmanned aircraft system running from a battery power
and that can be operated and carried by one person.
Collision Avoidance – Sensors on the unmanned aircraft detect obstacles and alert either an
automated on-board system or the remote pilot of their presence and the potential need to take
avoiding action. [2]
Fail-Safe – A design feature that ensures the system remains safe in the event of a failure and
causes the system to revert to a state that will not cause a mishap [3].
Autonomous system – Operations of a unmanned aerial system wherein the unmanned aerial
system receives its mission from either the operator who is off the unmanned aerial system or
another system that the unmanned aerial system interacts with and accomplishes that mission
with or without a human-robot interaction [4].
Autonomy – A unmanned aerial system’s own ability of integrated sensing, perceiving, ana-
lyzing, communicating, planning, decision-making, and acting/executing to achieve its goals
as assigned by its human operator(s) through the designed Human-Robot Interface (HRI) or
by another system that the unmanned aerial system communicates with. UMSs Autonomy is
characterized into levels from the perspective of Human Independence (HI), which is the in-
verse of HRI [4].
Environment – The surroundings of a MAV. The environment can be aerial, ground, or mar-
itime. It includes generic and natural features, conditions, or entities, such as weather, climate,
ocean, terrain, and vegetation, as well as man-made objects, such as buildings, buoys, and ve-
hicles. It can be static or dynamic, can be further attributed in terms of its complexity and can
be described as friendly/hostile [4].
Perception:A MAV’s capability to sense and build an internal model of the environment within
which it is operating, and to assign entities, events, and situations perceived in the environment,
to classes. The classification (or recognition) process involves comparing what iS observed



1.1. INTRODUCTION TO MICRO AERIAL FIELD ROBOTICS 5

with the system’s a priori knowledge [4].
Mission – The highest-level task assigned to a MAV [4].
Waypoint – An intermediate location through which a MAV must pass, within a given toler-
ance, en route to a given goal location [4].

1.1.2 MAV Types

This massive interest for MAVs has led to the development of various aircraft types in many
shapes and sizes to operate in different tasks [5]. Most common categories of MAVs are re-
ferred, namely single rotor helicopters, multi rotor-crafts, fixed wing planes and hybrid com-
binations. Each of these platforms have their own advantages and disadvantages that let the
operator decide which one will best fit the corresponding application characteristics, while the
4 types of MAVs are depicted in Figure 1.1 (singe rotor: [6], multi-rotor: [7], fixed wing: [8],
hybrid: [8]) are presented briefly below.
Single rotor – This platform has the main rotor for navigation and a tail rotor for controlling
the heading. Mostly this type of MAV can vertically take-off and land and do not need air-
flow over the blades to move forward, but the blades themselves generate the required airflow.
Piloted helicopters are popular in aviation but their unmanned versions are not so popular in
MAV research community. A single-rotor helicopter can be operated by a gas motor for even
longer endurance compared multi rotors. The main advantage is that it can carry heavy pay-
loads (e.g sensors, manipulators) in either hovering tasks or long endurance flights in large
areas outdoors. The disadvantages of such platforms are their mechanical complexity, danger
from their generally large rotor, and cost.
Multi rotor – This class of MAVs can be divided in subclasses depending on the number of
rotor blades, while the most common considered are the quadrotor and hexarotor. Additionally,
tri-copters or octa-copters have been developed. Mostly they can vertically take-off and land
and do not need airflow over the blades to move forward, but the blades themselves generate
the required airflow. Multi rotors can be operated both indoors and outdoors and are fast and
agile platforms that perform demanding manouevres. They can also hover or move along a
target in close quarters. The downsides of these MAV types are the limited payload capacity
and flight time. Additionally, the mechanical and electrical complexity is generally low with
the complex parts being abstracted away inside the flight controller and the motors’ electronic
speed controllers.
Fixed wing – The basic principle of these MAVs consist of a rigid wing with specific air-
foil that can fly based on the lift generated by the forward airspeed (produced by a propeller).
The navigation control is succeeded through specific control surfaces in the wings, knowns as
aileron (pitch), elevator (roll) and rudder (yaw). The simple structure of such vehicles is the
greatest advantage from the other types. Their aerodynamics assist in longer flight ranges and
loitering as well as high speed motion. Furthermore, they can carry heavier payloads when
compared to multi rotors, while the drawbacks of these platforms are the need for a runway to
takeoff and landing and the fact that they need to move constantly, preventing hovering tasks.
The landing is also crucial for safe recovery of the vehicle.
Hybrid – This class is an improved version of fixed wing aircrafts. Hybrid vehicles have the
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ability to hover and vertically takeoff and land.
Overall, rotor crafts are more suitable for applications like infrastructure inspection and main-
tenance due to hover capabilities and their agile maneuvering. On the other hand, fixed wing
vehicles fit better in aerial surveillance and mapping of large areas from greater heights. Ta-
ble 1.1 provides a brief overview of advantages and disadvantages of aerial vehicles.

Single Rotor Multi Rotor

Fixed-wing Hybrid fixed wing VTOL

Figure 1.1: Various types of Unmanned Aerial Vehicles

1.1.3 MAV sensing

Some areas where the MAVs can be widely exploited are Search and Rescue, Survey, Security,
Monitoring, Disaster Management, Crop Management and Communications missions [9], [10].
In the first steps of the MAV–era, these aircrafts were equipped with exteroceptive and propri-
oceptive sensors in order to estimate their position and orientation in space. The principal
sensors used were the Global Positioning System (GPS) for the position and the Inertial Navi-
gation System (INS), formulated mostly by an three axis accelerometer and gyroscope. These
sensors, however, have some flaws from their operating principles, which affect the perfor-
mance of the system. On one hand, one of the great drawbacks of the GPS, lies in the doubtful
precision, as it depends on the general number of available satellites [11], whereas on the other
hand low cost INS suffer from integration drift problems due to propagating bias errors. Small
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Advantages Disadvantages

Single-Rotor • VTOL flight
• Hover flight
• Heavy Payload
• Long Endurance & Coverage

• Area coverage
• More dangerous

Multi-Rotor • VTOL flight
• Hover flight
• Maneuverability
• Indoors/outdoors
• Small and cluttered areas
• Simple design

• Area coverage
• Limited payload
• Short flight time

Fixed-Wing • Long endurance
• Large coverage
• Fast flight speed
• Heavy Payload

• Launch-Landing specific space
• No hover flight
• Constant forward velocity to fly

Hybrid • Long endurance
• Large coverage
• VTOL flight

• Under developement
• Transistion between hovering

and forward flight

Table 1.1: Advantages and disadvantages of MAV types

errors in the calculated accelerations and angular velocities are consecutively integrated into
linear and quadratic errors in velocity and position respectively [12]. Therefore, elaborated
estimation processes are essential to guarantee stability of the system.

The aforementioned navigational equipment, questions the reliability and limits the best
possible utilization of a MAV in real life applications. For this reason, new ways to estimate
and track the position and orientation of the MAV were needed. An ideal-accurate solution for
the calculation of the vehicle’s pose would be the fusion of data from multiple collaborative
sensors [12]. Nevertheless, multiple sensors could be impractical for some types of MAVs, like
MAVs due to the limited payload or for some sensors that malfunction in specific environments
(like GPS in indoor environments). Thus, it becomes crucial for the utility provided by MAVs
to establish a more generic approach for pose estimation, being able to be applied on any type
of aircraft.

Nowadays, the evolution in embedded systems and the corresponding miniaturization has
brought powerful yet low-cost camera modules and Inertial Measurement Unit (IMU)s that
could be mounted on MAVs, extract useful information on board and feedback the necessary
data, fused with measurements from inertial sensors. Different types of sensors can be em-
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ployed depending on the task. As an example, ultrasonic sensors could be directly integrated
in obstacle avoidance operations, while laser range finders provide range measurements for ob-
stacle detection and mapping of 3D environments. Visual stereo or monocular camera systems
are able to provide depth measurements for obstacle avoidance and mapping tasks. Addition-
ally, they can be tightly coupled with IMUs for visual-inertial ego-motion estimation and the
raw image stream is also required for infrastructure inspection. Some example modular vision
systems are depicted in Figure 1.2 with a) [13], b) [14], c) [15], d) [16]. In this survey studies
that include camera as primary or secondary sensors are enlisted. In this manner the MAV
will enhance its environmental perception, while increasing it’s overall flying and actuating
capabilities.

(b)

(c) (d)

(a)

Figure 1.2: Sensor modules for environmental perception.

The term Computer Vision, defines the generic research area where the characteristics of
the real 3D world are interpreted into metric data through the processing of 2D image planes.
The basic applications of Computer Vision include machine inspection, navigation, 3D model
building and surveillance, as well as interaction with the environment. The accomplishment
of these applications requires the execution of several algorithms, which process 2D images
and provide 3D information. Some of these algorithms perform object recognition, object
tracking, pose estimation, ego-motion estimation, optical flow and scene reconstruction [17].
Consequently, Computer Vision can have a critical contribution in the development of the
MAVs and their corresponding capabilities.
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1.2 Motivation and Background

MAVs, and especially multi rotors, have received great attention from the scientific community,
demonstrating concepts of operation in cases where the human presence is at risk or reach in-
accessible areas. It becomes evident that developing autonomous aerial robotic platforms, with
novel capabilities, can have a direct and imminent impact to change the common practices cur-
rently utilized in the different types of industries. Nowadays, the commercial use of MAVs is
mainly restricted within the photography-filming industry, but the growth of this technology is
rapid, with a trend to invest in applications that require remote reconnaissance, area inspection
or even maintenance. MAVs are emerging with high pace [18] and have the potential to extend
their usage in the global market with broad economic, social and personal impact. Some ex-
amples of the markets that the MAVs could invade are: infrastructure inspection [19], public
safety such as surveillance [20], search and rescue missions [21].

In general, MAVs are agile platforms with a great variety of navigation modes, from hov-
ering over a target to aggressive maneuvering in R3, making it possible to access remote and
distant places, compared to mobile robots. Nevertheless, developing such aerial vehicles re-
quires the research, development and integration of methods from various fields into a single
or a team of platforms. Generally, the envisioned future of integrating aerial robotic platforms
in the industrial process is an emerging research movement in its infancy, with quite a few
open challenges to address in the fields of localization, physical interaction, navigation and
perception for the infrastructure inspection and maintenance tasks.

Moreover, it is not far-fetched to imagine aerial robots with interaction capabilities, like
their ground counterparts, by endowing lightweight dexterous robotic arms, placed most com-
monly underneath of the MAV. This addition, enables the expansion of the MAV’s operational
workspace and introduces extra Degrees of Freedom (DOF), thus increasing further the po-
tential application scenarios in real life application areas, such as infrastructure inspection of
wind turbines, bridges, combustion chambers, water dams, buildings, precision farming, object
transporting and environmental inspection and sampling, while paving the way for the era of
ARWs.

The big picture in the field of aerial robotics is to provide autonomous system concepts,
collecting all the pieces from multiple research fields together. Autonomous aerial platforms
use onboard sensor data to navigate from one place to another, while having the proper mech-
anisms to reseason their actions. Through this procedure, the MAV can extract essential in-
formation for it’s state (kinematics and dynamics), build a model of its surroundings and even
track sequential objects of interest where mapping, target tracking and obstacle detection en-
hance the perception capabilities. Thus, by combining localization and perception capabilities,
the robotic platforms are enabled for guidance tasks. In the guidance system, the platform
take input from the perception and localization processing to decide its next move according
to a specified task. In this category, trajectory generation and path planning are included for
the motion planning and mission-wise decision making for MAVs. Finally, the realization of
actions derived from the navigation and guidance tasks is performed within the control section.
The controller manipulates the inputs to provide the desired output by enabling actuators for
force and torque production to control the vehicle’s motion.
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This thesis is focused towards proposing capabilities of MAVs to support autonomous ex-
ploration and interaction with the environment by considering visual feedback in the loop. To
achieve the aforementioned goals, optimization and control theory will be blended with com-
puter vision techniques.

On the front of exploration the key concept of multiple aerial agents that perceive the envi-
ronment in a collaborative manner has been studied. Regarding the environmental interaction,
vision processing will be included in the control loop of a manipulator mounted on the MAV
platform, to perform high level manipulation tasks. Figure 1.3 presents an overview of the
areas covered in this thesis.

Figure 1.3: Overview of an autonomous system with Sensing, Navigation, Guidance and Con-
trol components. The contributions of the thesis are included in the highlighted green blocks.
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1.3 Thesis Outline and Contributions
The thesis is divided into 6 Chapters. In Chapter 2, the state of the art is presented on the topics
that will be discussed in later stages of the thesis. This Chapter aims to provide an overview of
all developments in the field and establish the ground for new research directions. In Chapter
3 the topic of image enhancement is discussed focusing in the area of enhancing mapping
results, as well as the quality of the image in challenging areas of underground dark tunnels. In
Chapter 4, the perception aware scheme for navigation of MAVs is demonstrated. In Chapter 5,
the topic of aerial manipulation is presented focusing in the guidance of the end-effector using
visual servoing schemes. Finally, Chapter 6 presents other contributions in the field of aerial
robotics, while the thesis presents final remarks and conclusion in Chapter 7.

Below is provided a summary of the main scientific and technological areas that will be
covered by the thesis:

• MAV Navigation Guidance

Targets a unified solution for the navigation of the aerial platform avoiding obstacles
and dealing with dark and cluttered environments like underground tunnels. Includes
range sensor obstacle avoidance, monocular camera open space extraction and vision
based control.

• Aerial Manipulator Guidance

Targets a solution for guiding the end-effector of a manipulator endowed on a MAV
using the onboard visual sensor, robust and fast object detection and control of the cou-
pled system.

• Single Image enhancement bench-marking and 3D mapping for low light environments

Apply image enhancement methods for bench-marking purposes in underground
tunnel areas for establishing the concept of image enhancement captured from aerial
vehicles, 3D mapping.

1.3.1 Contributions
The contributions of this thesis are associated with the research performed and discussed in
articles and will be presented in details in the following Sections. A high level description of
the articles and their corresponding contribution is summarized below:

Chapter 2: Survey on Computer Vision for UAVs: Current Developments and Trends

• Provides an overview of the most important efforts in the field of computer vision for
MAVs, while presenting a rich bibliography in the field that could support future reading
in this emerging area and act as a road-map towards autonomous aerial agents

• Summarizes studies in the areas of: a) vision based navigation and control, b) visual
localization and mapping, c) target tracking and obstacle detection, d) vision based aerial
manipulator guidance, and e) MAV perception for subterranean environments.
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The work presented in this Chapter is based on [22].

Chapter 3: Field Based Single-Image Enhancement and 3D Reconstruction

• Presents a comprehensive study and evaluation of existing low-level vision techniques
for low light image enhancement, introducing this methodology for applications in sub-
terranean environments. A thorough performance analysis of State-of-the-Art methods
on datasets (images with varying illumination levels) collected from real underground
mine tunnels with an aerial platform equipped with a single camera.

• Presents a method for enhancing the 3D dense reconstruction of datasets from under-
ground tunnels focusing on image enhancement methods that are best suitable for low
light environments.

The work presented in this Chapter is based on [23], [24] and [25].

Chapter 4: Open Space oriented MAV navigation and control

• Provides a detailed and thorough discussion on the potential application scenarios for
MAVs in underground mines, identifying the major challenges that need to be addressed
prior to actual experimentation. This research considers the development of a knowledge
basis on this field, to provide an insight on the required mine tasks driven by the mining
companies needs, as an enabler for further research directions towards the vision of
MAVs in mines.

• Proposes a local path planning scheme for obstacle avoidance of multirotors, while fly-
ing in a tunnel or vertical shafts. It proposes an efficient navigation sense-and-avoid
system based on ultrasound sensory system, to securely drive the multirotors around in
challenging mine areas, avoiding obstacles in their way. The proposed local trajectory
re-planner is based on Potential Fields, applied for the case of 3D navigation in such a
way as to avoid local minima.

• Presents a control framework for navigation in underground environments. The problem
formulation approaches the platform navigation as a free-flying object, while it incorpo-
rates perception states in the MAV dynamics and coupling them with the MAV’s states
and control inputs, thus allowing for a vision-driven control action on the platform.

• Establishes a novel framework for characterizing the open space of featureless dark tun-
nel environments for MAV navigation tasks. The proposed method leverages the pro-
cessing of a single camera to identify the deepest area in the scene in order to provide a
collision free heading command for the MAV.

• Demonstrates the baseline system for a low cost and resource-constrained aerial scout
to experimentally establish autonomous navigation in underground mines. This is part
of a joint work and my main contribution was in the control structure development, the
obstacle avoidance, the software and sensor integration and the participation in the field
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trials, while participated in the discussions for the heading commands generation either
from a vector geometry method based on 2D lidar for finding open spaces or a CNN
approach that classifies images from a looking forward camera and finds the center axis
of the tunnel.

The work presented in this Chapter is based on [26], [27], [28], [29] and [30].

Chapter 5: Vision Based Guidance for Aerial Manipulator

• Presents a dual mode guidance system for MAVs with a manipulator, based on visual in-
formation, to autonomously reach targets of interest with a generic shape. More specifi-
cally, this work proposes a guidance system with two individual subsystems, the former
based on stereo processing and the later based on Image Based Visual Servoing (IBVS),
that act as a "coarse" and "fine" tuning of the end-effector’s relative position with respect
to the target. Compared to the current literature, the system apart from the IBVS step, in-
corporates an extra layer of detection and guidance that is active during the initialization
phase of the ARW’s mission and is responsible to initially bring the robotic platform in
close proximity with the target, before the IBVS takes over.

• Proposes an object tracker, based on a Kernelized Correlation filter (KCF) [31], that
provides high speed performance and robust tracking efficiency, essential attributes for
MAV applications. A novel modified version of this visual tracker is also proposed to
handle robustly target loss events by incorporating a re-detection method and adaptive
model updates, requirements that are essential to provide real-time performance for sta-
ble MAV operations.

The work presented in this Chapter is based on [32], [33] and [34].

Chapter 6: Aerial Robotics in the Field

• Presents a framework for autonomous aerial visual data acquisition of a 3D infrastructure
by utilizing multiple MAVs. To address this problem, the developed framework com-
bined the fundamental tasks of path planning, localization and visual perception. This is
part of joint work and my main contributions consider the visual perception component,
the system integration and the field testing. Initially, a geometry-based path planner was
employed for the collaborative coverage of complex structures, while the navigation of
the platform has been performed through a localization component which provided ac-
curate pose estimates of the MAVs by using a UWB-Inertial estimation scheme. Finally,
the collected visual data have been post processed for 3D creating the model of building.

The work presented in this Chapter is based on [35] and [25].
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CHAPTER 2

State of the Art

2.1 Flight Control
In this section, different control schemes and algorithms are described that have been proposed
throughout the years for Unmanned Aerial Vehicle (UAV) position, attitude, velocity control.
Innititally, visual servoing schemes are described, followed by vision based UAV motion con-
trol.

2.1.1 Visual Servoing
The main idea of Visual Servoing is to regulate the pose (position and orientation) of a robotic
platform relative to a target, using a set of visual features { f } extracted from the sensors.
Visual features, in most of the cases, are considered as points but can also be parametrised in
lines or geometrical shapes such as ellipses. More specifically, image processing methods are
integrated in the control scheme so that either the 2D features or the 3D pose measurements
along with the IMU data are fed back in the closed loop system.

In general, Visual Servoing can be divided into three techniques: a) Image Based Visual
Servoing (IBVS), b) Position Based Visual Servoing (PBVS), and c) Hybrid Visual Servoing,
IBVS + PBVS, depending on the type of the available information that the visual system pro-
vides to the control law. In the IBVS method, the 2D image features are used for the calculation
of control values, while in the PBVS method the 3D pose of a target is utilized [36], [37]. In
Figures 2.1 and 2.2 the basic structure of the IBVS and the PBVS UAVs control schemes are
presented, while the rest of this Section provides a brief overview of the contributions in this
field.

In [38] an adaptive IBVS scheme to control firstly the 3D translational motion and secondly
the yaw angle of a quadrotor with a fixed downward looking camera has been presented. This
method is based on image features, in perspective image space, from an object without any
prior information of its model. The controller followed a backstepping approach and regulated
the position using error information on roll and pitch angles. In the same way [11] presented

15
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Figure 2.1: Image Based Visual Servoing

Figure 2.2: Position Based Visual Servoing

an innovative contribution for controlling the 3D position of a Vertical Takeoff and Landing
Vehicle (VTOL) from the 2D projective geometry. More specifically, this research aimed to
develop a UAV capable of hovering over a specified target for inspection tasks, by utilizing
only image data in the control process. The suggested controller was hybrid and combined the
advantages of PBVS and IBVS techniques, while a significant benefit of this hybrid approach
is that it can be also operational with 3D objects with unknown geometries. In the approach
presented in [39], similarly the aim was to control the position and orientation of an aerial
platform incorporating image features in the control loop. Initially, an IBVS control struc-
ture has been implemented to provide smooth vertical motion and yaw rotation for the UAV
observing ground landmarks from a fixed down-looking camera. For the horizontal motion
control, a novel approach has been employed by the utilization of a virtual spring. The pro-
posed controller only considered the camera, the propeller models and the mass of the UAV as
parameters.

In [40] two different visual servoing approaches have been proposed for the real time nav-
igation of a quadrotor across power lines. The first controller implemented an enhanced with a
Linear Quadratic Servo technique IBVS method, while on the contrary, the second controller
implemented the Partial PBVS method, based on the estimation of the relative to power con-
ductors UAV’s partial pose. A similar research in [41] presented an IBVS approach for linear
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structure tracking during survey missions and automatic landing. In [42], a VTOL platform
based navigation system, using the IBVS technique has been presented. The goal of this re-
search was the control of a VTOL UAV to perform close distance manoeuvring and vertical
structure inspections in outdoor environments based on image features such as lines. Like-
wise, [43] presented a novel approach for Skid-to-Turn manoeuvres for a fixed wing UAV, to
inspect locally a linear infrastructure using an IBVS control. This work provided comparison
between Skid-to-Turn and Bank-to-Turn manoeuvres control performance for inspection ap-
plications. Moreover, in [44] a control method that was able to stabilize an UAV in a circular
orbit, centered above a ground target, by using only visual and proprioceptive data through an
IBVS approach has been presented. In this case, the fixed wing UAV has been equipped with a
gimballed camera. Similarly [45] proposed a visual servoing control scheme for the stabiliza-
tion of a quadrotor UAV. The presented approach integrated a novel visual error that improved
the conditioning of the closed loop Jacobian matrix in the neighbourhood of the desired set
point. Another novel approach has been presented in [46], where a control scheme utilized
computer vision for a UAV hovering above 2D targets. This method intended to be used for
inspection tasks, where the UAV is tolerant to small change in its orientation so that it keeps
the object inside the camera’s field of view. The proposed controller was able to integrate the
homography matrix from the vision system and also to decouple the translation and orientation
dynamics of the UAV. Some previous and complimentary works in this area have been also
presented in [47], [48], [49].

The collaboration of two quadrotors for vision-based lifting of a specific payload, with
unknown position has been presented in [50]. In this approach, the UAVs were equipped with
downward-looking cameras and utilized the information from the vision system to attach their
docking positions on the target. As before, in this case the IBVS method has been utilized
for the visual information and a corresponding sliding mode controller has been designed and
implemented.

In [51] a UAV that was controlled solely from visual feedback, using the faces of a cuboid
as reference, has been presented. In this approach, a camera was tracking the UAV’s motion
and rotation in the 3D space and calculated its pose. Moreover, in [52] a UAV that was able
to follow accurately a user-defined trajectory, by only using visual information and without
the need of an IMU or a GPS has been presented. The proposed approach was able to map
the error of the image features to the error of the UAV’s pose in the Euclidean space, while
in the sequel this error was integrated into the closed-loop trajectory tracking feedback con-
troller. This alternative visual servoing strategy was different from the classical PBVS and
IBVS techniques.

In [53] a control algorithm for the autonomous landing on a moving platform for a VTOL
has been presented based the utilization of the IBVS technique. In this case, the platform was
tracked from an image based visual servoing method, which also generated a velocity reference
as an input to an adaptive sliding controller. This adaptive control was able to compensate the
ground effect during the manoeuvre. Furthermore [54] also suggested a vision based controlled
system for autonomous landing of a small-size fixed wing UAV. During the landing phase the
IBVS provided to the controller the manoeuvring information like the pitch and yaw angles
so that the UAV fly into a visual marker directly, with the marker recognition to be achieved
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Advantages Disadvantages

IBVS • Processing
2D feature space

• Low
computational cost

• Additional Sensors (IMU)
• Accuracy issues
• Drift errors camera trajectory

PBVS • Accurate pose estimation
• Produce smooth trajectories for

the camera

• 3D point space
• Known 3D target model
• High

computational cost

Table 2.1: Advantages and disadvantages of UAV types

through colour and moment based detection methods.
A navigation system based on a stereo, system together with an IMU and using IBVS, has

been proposed for a mini UAV in [55]. In this case the position and orientation of the UAV
were controlled relative to a known target, with the vision system to be responsible for the
translational control and the IMU for the rotational control. The translation and rotation of
the mini vehicle were decoupled in order to simplify the overall model and a saturated PD
control has been implemented to simplify the modeling. Finally, in [56] the combination of a
nonlinear controller for a quadrotor UAV, with visual servoing has been investigated in order
to generate stable and robust trajectories in a perturbed environment. This research employed
the three types of visual servoing 2D, 21

2D and 3D for an accurate comparison and presented
the advantages and drawbacks respectively.

The aforementioned studies consist of a big part in the ongoing research regarding Visual
Servoing for UAVs’. A brief overview shows that since the control scheme of the aerial plat-
forms considers Euclidean coordinates, PBVS is able to produce smooth trajectories of the
camera. However, it can not control directly the motion of the features and it may lead the
target outside of the Field of View . On the other hand, IBVS controls directly the motion of
the features in the image plane, while keeping the target inside the Field of View and ignoring
the Euclidean pose of the platform and producing unpredicted trajectories for the UAV with
high risks for collisions of the target. Thus IBVS is heavily depending on additional sensors
such as IMUs to improve pose control of the UAV. Regarding computational aspects, IBVS
outperforms PBVS and requires less processing power. The above comparison is summarized
in Table 2.1. The major tasks of IBVS, PBVS and hybrid approaches are enlisted in Table 2.2.

2.1.2 Vision based Control
In this section research on UAV control using visual information is described.

In [57] a real time vision system for aerial agent localization and control has been proposed.
The rotor-craft was equipped with a downward looking camera. An optic flow algorithm fused
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Tasks

Visual Servo-
ing

• Take off and Landing
• Obstacle Avoidance
• Position and Attitude control
• Stabilization over a target
• Collaborative Lifting

Table 2.2: Advantages and disadvantages of UAV types

with IMU in an Extended Kalman Filter (EKF) was integrated with the non linear controller
to accomplish 3D navigation. Furthermore, [58] proposed a real-time system for UAV take
off, hovering and landing using ground landmarks with two concentric circles. In this case
the circles were considered as ellipses and their parameters were computed. From the ellipse
features, the conic section theory and the position in the image, the angle of the camera frame
with respect to the world frame was calculated and then the camera pose was estimated. After-
wards a LQR-LTR control method was applied to stabilize the vehicle, considering a set point
and the camera pose known. Moreover, in [59], an adaptive controller for UAV autonomous
tasks, such as hovering at a specific altitude and trajectory tracking has been presented. The
proposed scheme was able to perform vehicle localization and 3D terrain mapping for obstacle
detection. The IMU measurements were merged with optic flow information and estimated the
aircraft’s ego-motion and depth map with unknown scale factor. An adaptive observer con-
verted the scaled data into absolute velocity and real position from the obstacle and finally
the proposed controller was able to integrate these measurements for autonomous navigation.
In [60] a UAV perception system for autonomous UAV landing and position estimation has
been implemented. The computer vision algorithm was utilized during the landing process by
sending data to a controller for aligning the UAV with the pad. On-board the UAV were also
mounted a sonar and an optic flow sensor for altitude, position and velocity control. In [61] a
novel strategy for close distance to the ground VTOL-UAV manoeuvring like hovering around,
landing and approaching a target has been described. The framework of the time-to-contact
(tau) theory has been implemented for autonomous navigation. A monocular camera and an
IMU were employed by the developed control law and integrated their data through a novel
visual parameter estimation filtering system. In [62] a quadrotor helicopter capable of both
autonomous hovering and navigation in unknown environments and object gripping using low
cost sensors has been presented. The vehicle stabilization was accomplished by a PD controller
while an attitude estimation filter reduced the noise from the sensor measurements. Navigation
was succeeded by incorporating the position and yaw angle estimations of the visual Simultane-
ous Localization and Mapping algorithm into a nonlinear sigmoid based controller. The aerial
gripping was accomplished with a second infrared camera able to estimate the 3D location of
an object and send the measurements to a third controller. In [63] a real-time vision system
for UAV automatic landing has been implemented. The helipad was detected using an image
registration algorithm and the direction of the head of the UAV was computed with Hough
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Line Detection and Helen Formula. The UAV camera images were binary transformed with
an adaptive threshold selection method before they are processed for the landing. Another ap-
proach [64] proposed a vision-based algorithm for efficient UAV autonomous landing. Firstly
CamShift algorithm was applied to detect the helipad region, followed by the SURF algorithm
in order to calculate the position and the velocity of the UAV. Afterwards the combination of
the SURF results and the IMU data were inserted through a Kalman filter for the control of the
UAV. In [12] a quadrotor vehicle has been developed towards autonomous take off, navigation
and landing. The rotor-craft was equipped with a stereo camera and IMU sensors.The mea-
surements of these sensors were merged through a Kalman filter in order to remove noise and
fix the accuracy of the UAV state estimation. The camera ego-motion was computed by stereo
visual odometry technique.

2.2 Navigation

In this section major research in the fields of visual localization and mapping, obstacle detection
and target tracking is presented.

2.2.1 Visual localization and mapping

The scope of localization and mapping for an agent is the method to localize itself locally,
estimate its state and build a 3D model of its surroundings by employing among others vision
sensors [65]. In Figure 2.3, some visual mapping examples are depicted such as: a) [66],
b) [67], c) [68]. In a) dense 3D reconstruction from downward looking camera from MAV is
demonstrated, while in b) a complete aerial setup towards autonomous exploration is presented.
The map shown in Figure 2.3 is an occupancy map. The system relies on a stereo camera and
a downward looking camera for visual inertial odometry and mapping. Similarly, in c) another
approach for autonomous exploration is described, where the system uses a stereo camera and
an inertial sensor for the pose estimation and mapping. The Figure depicts the image raw
streams, the occupancy map and the dense pointcloud. The rest of this section briefly provides
an overview of the contributions in this field.

Towards this direction in [69], a visual pose estimation system from multiple cameras on-
board a UAV, known as Multi-Camera Parallel Tracking and Mapping (PTAM) has been pre-
sented. This solution was based on the monocular PTAM and was able to integrate concepts
from the field of multi-camera ego-motion estimation. Additionally, in this work a novel extrin-
sic parameter calibration method for non-overlapping field of view cameras has been proposed
.

The combination of a visual graph-Simultaneous Localization and Mapping (SLAM), with
a multiplicative EKF for GPS-denied navigation, has been presented in [70]. A RGB-D cam-
era, an IMU and an altimeter sensor have been mounted on-board the UAV, while the system
consisted of two subsystems, one with major priority for the UAV navigation and another for
the mapping, with the first one being responsible for tasks like visual odometry, sensor fusion
and vehicle control.
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(b)(a)

(c)

Figure 2.3: Environment mapping and localization for a UAV

In [71] a semi-direct monocular visual odometry algorithm for UAV state estimation has
been described. The proposed approach is divided in two subsystems regarding motion esti-
mation and mapping. The first thread implements a novel pose estimation approach consisting
of three parts, image alignment though minimization of photometric error between pixels, 2D
feature alignment to refine 2D point coordinates and finally minimization of the reprojection
error to refine pose and structure for the camera. In the second thread a probabilistic depth filter
is employed for each extracted 2D feature to estimate it’s 3D position. As a continuation, the
authors in [72] proposed a system for real time 3D reconstruction and landing spot detection.
In this work a monocular approach uses only an onboard smartphone processor for semi direct
visual odometry [71], multi sensor fusion [73] and a modified version of Regularized Modular
Depth Estimation (REMODE) [74]. The depth maps are merged to build the elevation map in
a robot centric approach. Afterwards, the map can be used for path planning tasks. Specifi-
cally, experimental trials were performed to demonstrate autonomous landing detecting a safe
flat area in the elevation map. Additionally, in [66] a system that integrated SVO odometry in
an aerial platform used for trajectory following and dense 3D mapping have been presented.
The pose estimations from visual odometry was fused with IMU measurements to enhance the
state estimation used by the controllers to stabilize the vehicle and navigate through the path.
It should be highlighted that the biases of the IMU where estimated online. The estimated
position and orientation were close to ground truth values with small deviations.

In [75] the optimization of both the Scaling Factor and the Membership Function of a
Fuzzy Logic Controller by Cross-Entropy for effective Fail Safe UAV obstacle avoidance has
been presented. This control method was able to integrate the measurements from a monocular
visual SLAM based strategy, fused with inertial measurements, while the inertial SLAM com-
puted the information for the navigation of the UAV. Furthermore, in [76] a Rao-Blackwell
approach has been described for the SLAM problem of a small UAV. This work proposed a
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factorization method to partition the vehicle model into subspaces and a particle filter method
has been incorporated to SLAM. For the localization and mapping parts, firstly an EKF has
been applied to the velocity and attitude estimation by fusing the on board sensors, then a Par-
ticle Filter estimated the position using landmarks and finally a parallel EKFs were processing
the landmarks for the map. The aircraft was equipped with an IMU, a barometer and a monoc-
ular camera. The UAVs motion has been estimated by a homography measurement method
and the features were computed by the SIFT algorithm [77], while some highly distinguishable
features have been considered as landmarks.

In [78] a cooperative laser and visual SLAM approach for an UAV that depends solely
on a laser, a camera and the inertial sensor has been proposed. The characteristic of the vision
subsystem was the correlation of the detected features with the vehicle state and the fact that the
detected point database was updated in every loop by an EKF. Prior to the update, the image
features were matched (nearest neighbour [79] and Mahalanobis threshold [80]) with their
corresponding from the database and the new estimations were processed by the filter. The laser
subsystem performed a Monte Carlo pose search, where the vision data have been merged in
order to improve point scan and matching. The combination of these sensors provided updates
to the vehicle state and the overall proposed scheme resulted in a robust UAV navigation ability
in GPS denied environments.

Additionally, in [81] a navigation system that incorporated a camera, a gimballed laser
scanner and an IMU for the UAV pose estimation and mapping have been presented. Further-
more, in the same article a method has been presented for the calibration of the camera and the
laser sensors, while a real time navigation algorithm based on the EKF SLAM technique for
an octorotor aircraft has been also established.

In [82] a monocular visual SLAM system for an UAV in GPS denied environments has
been presented. This approach followed an hierarchical structure from the observations of
the camera module. The motion of the vehicle (attitude and velocity) were calculated using the
homography relation of consecutive frames from extracted features by the SIFT descriptor. The
measurements of the camera have been coupled with IMU data through an EKF and based on
these measurements, the velocity and the attitude of the aircraft have been estimated. Another
EKF has been applied for the localization problem of the UAV as well as the mapping of
the surrounding environment. An inverse depth parameterization has been implemented to
initialize the 3D position of the features and the usage of the Mahalanobis distance and the
SIFT descriptor for feature matching has enhanced the robustness of this proposed scheme.

In [83] a robust method for accomplishing multi UAV cooperative SLAM has been pre-
sented. In the presented approach, every UAV in the swarm was equipped with an IMU and a
stereo camera system. The SLAM algorithm was operated in each UAV and the information
was filtered through an H∞ nonlinear controller. The system accuracy for both the position of
the vehicle and the map cartography were depending on feature re-observation, when a UAV
observed features already registered by another UAV.

In [84] a visual SLAM based system for ground target locking has been proposed, while
at the same time estimating the UAVs position, despite dubious function of the sensor and the
3D model of the target was assumed a priori known. The UAV was equipped with a camera
and a GPS sensor on board and the SLAM technique implemented a probabilistic filtering
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scheme to extract geometric information from the image. The GPS data were fused with the
geometric information and the projected points of the 3D model by the utilization of Kalman
and unscented Kalman filters, in order the system to estimate the vehicles pose. The visual
information from the camera referred to both the target model and non-target region for the
better accuracy, especially for the case where the GPS sensor malfunctioned.

In [85] a monocular vision based navigation system for a VTOL UAV has been proposed,
where a modified Parallel Tracking and Multiple Mapping method has been utilized for im-
proving the functionality of the overall system. The proposed algorithm was able to control
the UAV position and simultaneously create a map. Furthermore, in [86] a particle filter ap-
proach for the SLAM method has been presented, where an IMU and a camera were mounted
on-board the RMAX aircraft and fused. The particle filter processed the state of the helicopter
and a Kalman filter was responsible for building the map. The vision data consisted of Points
of Interest (PoIs) or features in the image, by the utilization of the Harris corner detector [87].
In the presented approach, a linear Gaussian substructure in the vehicle dynamics lowered the
dimensions of the particle filter and decreased the overall computational load. This approach
included an extra factorization of the probability density function, when compared to the Fast-
SLAM algorithm [88].

Furthermore, in [89] and [90] the implementation problem of a bearing only SLAM algo-
rithm for high speed aerial vehicle, combining inertial and visual data based on EKF has been
presented.

In [67] a vision based UAV system for unknown environment mapping and exploration
using a front-looking stereo camera and a down-looking optic flow camera was presented. This
approach aimed to perform pose estimation, autonomous navigation and mapping on-board the
vehicle.

The Smartcopter, a low cost and low weight UAV for autonomous GPS denied indoor
flights, using a smart phone for a processing unit was presented in [91]. This system was
capable of mapping, localization and navigation in unknown 2D environments with markers,
while a downward looking camera tracked natural features on the ground and the UAV was
performing SLAM.

Furthermore [92] proposed a vision based SLAM algorithm for an UAV navigating in river-
ine environments. The suggested algorithm integrated the reflection in the water and developed
a reflection matching approach with a robot-centric mapping strategy. The UAV was equipped
with multiple sensors (INS, forward facing camera and altimeter) for both navigation and state
estimation processes.

In [93], a UAV vision based altitude estimation for an UAV was presented. The aircraft’s
relative altitude to a known ground target was computed by combining the given ground tar-
get information (length) and localization methods. This approach was not strictly considering
flat ground targets. In [94] a scene change detection method was described based on a vision
sensor for creating a sparse topological map. The map contained features of interest from the
environment (key locations), where the algorithm was able to detect and describe them. The
key locations were calculated by an optical flow method using a Canny edge detector [95]. The
estimated flow vectors were filtered and smoothened to maintain valid information and after-
wards it was decided if the vectors were new observations in order to have the SIFT descriptor,
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based on a bag-of-words approach, to update the map database.

A novel mosaic-based simultaneous localization using mosaics as environment representa-
tions has been presented in [96]. In this scheme, successive captured images combining their
homography relations were used for estimating the motion of the UAV. Simultaneously, a mo-
saic of the stochastic relations between the images was created to correct the accumulated error
and update the estimations. The application of this novel method results in the creation of a
network of image relations.

In [97] a UAV system for the environment exploration and mapping, by fusing ultrasonic
and camera sensors was developed. In the presented algorithm, the 2D marker planar data,
extracted from the image and the depth measurements, from the ultrasonic sensor, were merged
and computed the UAVs position, while other ultrasonic sensors were detecting the obstacles.
In the sequel, this information was further processed in order to build a map of the surrounding
area. In the presented evaluation scenario, it was assumed that the quadrotor was able to move
vertically up and down, without rotating around its axis. Finally, in [98] a low cost quadrotor
being capable of visual navigation in unstructured environments by using off board processing
has been developed. The main components of this work has been a SLAM system, an EKF and
a PID controller. This research approach proposed a novel closed-form maximum likelihood
estimator to remove the measurement noise and recover the absolute scale of the visual map.

In [99] a real time visual - inertial navigation strategy and control of a UAV have been
proposed. It has also been presented a novel feature database management algorithm for up-
dating the feature list utilizing a confidence index. The vision algorithm employed Harris
corner detector for feature localization and then through the feature correspondence method
the database was being updated. An EKF integrated the camera, IMU and sonar measures
and estimates the vehicles state. In [100] a flight control scheme is developed for autonomous
navigation. Pose estimation (PTAM) from visual sensor is fused with IMU data to retrieve
full state of the platform. A non-linear controller regulates position and attitude of the UAV
in a innerloop-outerloop structure. A modified SLAM (VSLAM) algorithm is implemented to
assist in trajectory tracking for the controller. In [101] a multi camera system for visual odom-
etry is demonstrated. The sensors used are the ultra wide angle fisheye cameras. This work
highlights the advantages of this setup against traditional pose estimators. In [102] a monoc-
ular visual inertial odometry algorithm has been presented. This work uses pixel intensity
errors of image patches, known as direct approach, instead of traditional point feature detec-
tion. The identified features are parametrized by bearing vector and distance parameter. An
EKF is designed for state estimation, where the intensity errors are used in the update step. In
this approach a full robocentric representation for full filter state estimation is followed. Many
experimental trials with micro aerial vehicles have been performed to demonstrate the perofor-
mance of the algorithm. Similarly in [103], a visual inertial integrated system onboard a UAV
for state estimation and control for agile motion has been developed. The odometry algorithm
fuses data from high frame rate monocular estimator, a stereo camera system and a IMU. Ex-
perimental results are provided using a nonlinear trajectory tracking controller. In [104] a full
system for visual inertial state estimation has been developed. This work proposed novel out-
lier rejection and monocular pose estimation guaranteeing simple computational cost, suitable
for online applications.Similarly, in [105] the combination of visual and inertial sensors for
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Challenges

Visual local-
ization and
mapping

• Dependence on illumination
conditions

• High processing time for dense
mapping

• Occlusion handling
• Sensitive to fast movements
• Dynamic environments

Table 2.3: Vision based localization and mapping challenges

state estimation has been demonstrated. The core algorithm for sensor fusion is an Unscented
Kalman Filter acting on the Lie group SE(3). The authors extended the applicability of the
UKF state unscertainty and modelling to cases like Lie group that do not belong to Euclidean
space.

In [106] collaborative vision for localization of MAVs and mapping using IMU and RGBD
sensors have been proposed. A monocular visual odometry algorithm is used for localization
tasks. The depth data are processed to solve the scaling issue from the monocular odometry.
Information from multiple agents is transmitted to ground station, where in case of sufficient
overlaps between agent views the maps are merged in global coordinate frame. The developed
approach provides both sparse and dense mapping. In a similar manner, in [107] a fleet of aerial
vehicles has been employed to form a collaborative stereo camera for localization tasks. The
sensors used in the proposed scheme are a monocular camera, an IMU and a sonar for each
agent. Sensor measurements are fused in an EKF for state estimation. Finally, a formation
control is developed to maximize the overlapping field of view of the vehicles. This work
presented experimental evaluation.

Visual Simultaneous Localization and Mapping for UAVs is still facing various challenges
towards a global and efficient solution for large scale and long term operations. The fast dy-
namics of the UAVs pose new challenges that should be addressed in order to reach stable
autonomous flights. Some of the encountered challenges are shown in Table 2.3:

2.2.2 Obstacle Detection

Obstacle detection and avoidance capabilities of UAVs are essential towards autonomous nav-
igation. This capability is of paramount importance in classical mobile robots, however, this
is transformed into a huge necessity in the special case of autonomous aerial vehicles in order
to implement algorithms that generate collision free paths, while significantly increasing the
UAV’s autonomy, especially in missions where there is no line of sight. Figure 2.4 presents
visualized obstacle free paths a) [67],b) [108] c) [109], d) [110] In this figure different ob-
stacle detection and avoidance approaches are presented, where a), b) and c) show identified
obstacles, while in b) and c) the followed trajectory to avoid objects is demonstrated.
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(a)

(c)
(d)
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Figure 2.4: UAV sense and avoid maneuvering scenarios

In [110] a novel stereo vision-based obstacle avoidance technique for MAV tasks was in-
troduced. Two stereo camera systems and an IMU were mounted on the quadrotor. Initially
the stereo rigs were tightly hardware synchronized and were designed to build a 3D global ob-
stacle map of the environment, using 3D virtual scans derived from processed range data. The
second part of this approach consisted of a dynamic path planning algorithm called Anytime
Dynamic A*, which recomputed in every step a suboptimal path to the UAVs goal point. This
path planner utilized the data form the obstacle map and was able to re-plan the current path.

In [111] a monocular based feature estimation algorithm for terrain mapping was presented,
which performed obstacle avoidance for UAVs. The proposed method utilized an EKF to
estimate the location of image features in the environment, with the major advantage to be
the fast depth convergence of estimated feature points, which was succeeded by the utilization
of inverse depth parameterization. In the presented approach, the converged points have been
stored in an altitude map, which has been also used for performing the obstacle avoidance
operation.

In [112] a monocular visual odometry algorithm, enhanced by a laser sensor was presented.
The algorithm utilized a template matching approach based on grey correlation to detect laser
spots and a gray centroid method to estimate the center of the spot. Afterwards, the distance
from the spot has been computed, using geometry with the assistance of a laser sensor. Further-
more, in [113] a vision based obstacle avoidance approach using an optical flow method based
on Lucas-Kanade gradient has been proposed, with the general aim to extract image depth.
Apart from obstacle localization, this work has also presented an algorithm for the estimation
of the obstacles’ shape. Similarly, in [114] a novel monocular motion estimation approach and
scene reconstruction has been presented. The motion and depth information were recovered by
the utilization of a robust optical flow measurement and point correspondence algorithm from
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successive images. This approach suggested also a visual steering strategy for obstacle avoid-
ance. The proposed scheme utilized the UAV motion information and the 3D scene points for
the collision free navigation, while the steering was based on the concept that the vehicle will
adjust its direction to the furthest obstacle and will not reconstruct the geometry of the whole
environment like SLAM techniques.

In [115], a monocular method for obstacle detection in 3D space by an UAV was proposed.
This strategy made the vehicle capable of generating the 3D model of the obstacle from a
2D image analysis. The general motivation behind this research was that the aircraft, at the
moment that detected the obstacle, would start following a circular path around it. In every
iteration the measured points and the estimated points from the database were processed by the
Z-test correspondence algorithm, in order to find their correspondences. In the sequel, the new
measurements replaced the previous estimations and so the database was updated.

In [116], the necessity for real-time depth calculation for a UAV for detecting and avoiding
obstacles using monocular vision was highlighted. This proposal provided a method to obtain
3D information, combining Multi-scale-Oriented Patches (MOPS) and Scale-Invariant Feature
Transform (SIFT). In [117] and in [118] a mission scenario was presented, where an UAV was
capable of firstly exploring an unknown local area and afterwards, performing a visual target
search and tracking, while avoiding obstacles from its own constructed maps. This particular
task was accomplished by fusing measurements from vision and laser sensors.

In [119] the precision of a UAV’s classical navigation system GPS and INS was enhanced
with the utilization of a camera, in order to navigate and detect obstacles in the environment.
A Kalman filter was utilized to estimate the error in the navigation system between the GPS
received information and the cameras’ measurement. Meanwhile, the epipolar geometry was
applied to the moving camera for the reconstruction of the environment, while this information
has been utilized for obstacle detection and avoidance.

The VISual Threat Awareness (VISTA) system, for passive stereo image based obstacle de-
tection, for UAVs was presented in [120]. The system utilized a block matching for the stereo
approach, in combinations with an image segmentation algorithm based on graph cut for col-
lision detection. In [121], a controller to plan a collision free path, when navigating through
environment with obstacles, have been presented. The proposed controller had a two-layer
architecture where in the upper layer, a neural network provided the shortest distance paths,
whereas in the bottom layer, a Model Predictive Controller obtained dynamically feasible tra-
jectories, while overall the obstacles have been assumed to be cuboids.

In [122], an insect influenced vision sensor based on optic flow analysis for measurement
and control of the UAV height from the ground and for obstacle avoidance was presented. This
approach proposed a novel specific mirror shaped surface that scaled down the speed of image
motion and removed the perspective distortion. In this approach, the mirror simplified the optic
flow computation. In [123], a technique that combined optic flow and stereo vision methods,
in order to navigate a UAV through urban canyons was presented. The optic flow part of this
technique was accomplished from a pair of sideways cameras that kept in track the vehicle,
while the stereo vision information was obtained from a forward facing stereo pair and was
used to avoid obstacles.

In [124] a visual fuzzy servoing system for obstacle avoidance in UAVs was presented by
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the utilization of a front looking camera. The control process was performed based on an off-
board computational platform and the result has been transmitted to the vehicle to correct its
route. The obstacle avoidance concept was able to firstly track the obstacles and then try to
keep it to the right or to the left of the image of the vehicle, until a specific yaw angle was
reached. In the presented approach and for the coloured obstacle avoidance, the CamShift
algorithm [125] has been utilized.

In [126], both the hardware and software framework for a Hummingbird quadrotor being
able to hover and avoid obstacles autonomously using visual information was presented. The
visual information was processed successively for the navigation of the UAV where firstly the
Shi-Tomasi descriptor [127] has been applied to find features of interest in the image. In the
sequel, the Lucas-Kanade optical flow algorithm [128] maintained the features located in con-
secutive frames and integrated these measurements on a EKF for the ego-motion estimation of
the camera and calculated the pose of the vehicle. Furthermore, in this article a fast environ-
mental mapping algorithm based on least square pseudo-intersection has been also presented.
Finally, this research presented a fast and effective novel heuristic algorithm for collision free
navigation of the UAV, while in [129] an intuitive collision avoidance controller, combining
spherical imaging, properties of conical spirals and visual predictive control has been proposed,
being able to control the navigation of the UAV around the object and along a conical spiral
trajectory.

2.2.3 Aerial target tracking

a) (b)

(c)

Figure 2.5: Aerial target tracking

In this section object tracking approaches for UAVs’ are highlighted. In short, object track-
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ing can be divided into object detection and object following strategies using image sequences.
The visual sensor is used to estimate the relative position and translational velocity between
the UAV and the object. Moreover, the visual information along with data from other sensors is
used as an input to the designed controller of the UAV, in order to track the target. The interest
for this area is augmenting as this technology can be used for airborne surveillance, search and
rescue missions or even navigation tasks. In Figure 2.5 three target following examples are
depicted as it follows: a) [130], b) [131], c) [132]. In this Figure downward looking cameras
onboard aerial vehicle are used for target detection and tracking. This approach is applicable
in surveillance tasks, rescue missions and general monitoring operations. The target is high-
lighted distinctively in each frame. The rest of this section briefly provides an overview of the
contributions in this field.

In [133] a low cost UAV for land-mine detection has been developed. The vision algorithm
performed noise filtering using morphological operators and feature extraction with a template
matching method. The classification process decided whether the detected target was object of
interest or not.

In [134] a fast GPU basedb circular marker detection process used for UAVs picking ground
objects, in “real time”, has been suggested. The Randomized Hough Transform (RHT) was
used to detect circles in an image frame with low computation time, where the RHT was
executed in the GPU aiming for increased detection speed.

In [130] an emergency Inertial-Vision navigation system dealing with GPS-denied envi-
ronments has been proposed. Whenever a UAV was losing its GPS signal during the flight
the designed navigation system performed real-time visual target tracking and relative naviga-
tion. In this manner, a fixed wing unmanned aerial vehicle was able to hover over a ground
landmark with unknown position. The object tracking task was fulfilled by a kernel based
mean-shift algorithm. Thereafter, the visual data were merged with the measured data from the
inertial sensor through an EKF for the UAV state estimation. This approach took into account
the delay that the image processing introduced to the visual measurements for the navigation
controller.

Moreover, in [135] a quadrotor visual tracking system has been suggested. The computer
vision part implemented a pattern recognition algorithm for the estimation of the position and
the orientation of the target and was sending this information to the quadrotor controller. In
the same way [136] presented a mini UAV that was capable to localize and robustly follow
a target utilizing visual information. The proposed method implemented a multi part tracker
consisting of the visual system and the UAV control law. A color based algorithm detected the
object which was then tracked through particle filtering. In the sequel, the controller used the
estimation of the relative 2D position and orientation between the UAV and the target from the
visual tracker. Regarding the control of the UAV translation a hierarchical scheme with PI and
P controllers have been employed, while for the yaw angle a P controller has been designed.
Similarly [137] combined visual attention model and EKF for efficient ground object detection
and tracking. In this research, three visual saliency maps, the local, the global and the rarity
saliency map, were computed. These three matrices created the intensity feature map which
contained the detected object. The visual measurements were used by the Kalman filter to
estimate the objects state. In [138] a UAV visual ground target tracking which can be used
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in GPS-denied environments has been proposed. This system combined the camera and IMU
on-board sensors for the image processing tasks and the navigation control of the UAV. Shortly
the visual target tracker detected the 2D position of an object in an image and afterwards an
optical flow vector was calculated. Finally an EKF has been designed to estimate the position
and velocity for both the target and the UAV. The onera ressac helicopter was used as testbed.

Towards aerial surveillance, [139] suggested a conceptual framework for dynamic detection
of moving targets (human, vehicles) from a monocular, moving UAV. This method combined
frame difference with segmentation algorithms into aerial images. Correspondingly, [140] pre-
sented an approach utilizing optical and thermal cameras. Various separate cascaded Haar
classifiers were applied to the optical image, for the vehicle detection part. The detections that
match for every classifier were merged to form the correct estimation. When the vehicle was
detected in the optical image, the thermal image tried also to detect the vehicle and verify the
result geometrically. Regarding the people detection part, the thermal image was processed
with various cascaded Haar classifiers whilst simultaneously contours were extracted from the
optical image. In addition, in [141] a moving target tracking control method for a UAV has
been proposed. It has been based on active vision concept where the image sensor altered its
location and orientation in order to obtain visual information from the object via a servo control
scheme. For this purpose two controllers for the UAV flight task have been suggested, either
a H2/H∞ robust controller or a PID/H∞ controller. Apart from the flight controller another
PID controller performed the tracking task, which was based on disturbance observer so that it
compensated the introduced disturbance from the UAV movements. Another research, [142],
presented a novel movement detection algorithm for UAV surveillance, based on dense optical
flow. Additoinally, this research developed a new method for rejecting outliers in matching
process where the movement was determined by local adaptive threshold strategy.

In [143] an object tracking system for UAV mounted with a catadioptric and moving Pan
Tilt Zoom camera has been proposed where the adaptive background subtraction algorithm has
been used to detect the moving object. In this case, a novel method utilized data from both
cameras and estimated the position of the UAV relative to the target.

In [131] the development of a low cost and light weight vision processing platform on-
board a low-altitude UAV for real-time object identification and tracking has been suggested.
The aerial image was converted to HSV color space, then, using various threshold values for
the different colors the image became binary. Afterwards, an edge detection algorithm was
used and finally some geometrical operations and filters were applied to enhance the result.
The object’s position was calculated through convolution.

In [144] the concept for boundary extraction of land fields has been presented. This con-
tribution implemented two separate methods for UAV following elongated objects. The first
hybrid method combined line detection and color texture algorithms was processed by a ground
control station. The latter consisted of a window color based segmentation method which was
able to detect land fields in various lightning conditions in real time.

In [145] a novel grid based non linear Bayesian method for target visual tracking from a
UAV has been proposed, where the particular approach developed a target motion model used
for target movement prediction. Therefore samples containing candidates for the predicted
position of the object were generated, then, a radial edge detection algorithm was used for
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all the available samples to detect edge points around them. Afterwards the weights of each
sample were computed by the feature information. The system performed well even in cluttered
environments and occlusions.

In [146] a vision based system for street detection by a low-altitude flying UAV has been
presented. The street identification was processed by a Bayes classifier to differentiate between
street and background pixels. The street classifier updated its parameters from a recursive
Bayesian process. When the street was identified an edge detection algorithm computed every
object inside it and estimated a color profile. This profile was incorporated to the classifier in
order to improve the parameters for street detection.

In [147] an object tracking and following method for a UAV has been presented. The two
basic components of this approach are an object tracker for the vision part and an Image Based
Visual Servoing controller for the target following part.

In [148] a visual neuro-fuzzy motion control scheme for a non-linear tracking task and
gimbal movement has been designed. The camera’s pan and tilt motions were controlled by
a neuro-fuzzy system based on Radial Basis Function Network. The controller estimated the
velocity and position commands that were needed in order to actuate the gimbal (pan and tilt
motion), using measurements from object detection algorithm. In this manner the moving
object was always centered in the image frame. It has also been presented a learning algorithm
using gradient descent method to train the network.

In [149] UAV object tracking based on feature detection and tracking algorithms has been
implemented. The proposed method has been intended for real-time UAV control. SIFT algo-
rithm, projective transformation and RANSAC algorithm have been used for the object detec-
tion and tracking. The result of the visual system was used as reference to flight controller for
the UAV navigation. The COLIBRI UAV platform was used is this research. A real time vision
system for autonomous cargo transfer between two platforms by a UAV has been developed
in [150]. The vision system consisted of a camera and was mounted on a pan-tilt mechanism
to be parallel with ground. In addition it implemented ellipse detection, ellipse tracking (based
on CAMShift) and single-circle-based position estimation algorithms. The latter was used to
estimate the relative position of a detected circle from its projection on image plane.

In [151] the coordinated vision based target tracking from a fleet of fixed wing UAVs has
been examined. The main contribution of this work consists of the formulation of control
algorithms that coordinate the motion of multiple agents for surveillance tasks. In this case, the
heading angular rate is used as an input to the control scheme, while the motion is regulated by
varying the ground speed of each vehicle. In [152] a landing system for a aerial platform based
on vision has been suggested. The landing spot visualizes a target with specific shape. The
onboard visual sensor performs edge detection using line segmentation, feature point mapping
and clustering. Afterwards, filtering is applied to recognize the landing spot target. The relative
pose of the vehicle with the detected target is estimated using Kalman Filtering. Finally, the
acquired data are used for the position-attitude controller of the aerial platform to perform
landing. In [153] a visual algorithm for long term object following has been proposed. This
work is divided in three parts, the Global Matching and Local Tracking, the Local Geometric
Filter (LGF), and the Local outlier factor (LOF). GMLT uses FAST feature detection for global
matching and LK optical flow for local feature tracking. LGF and LOF are implemented to
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remove outliers from global and local feature correspondences and provide a reliable detection
of the object.

2.3 Guidance
This section presents a collection studies towards autonomous exploration for UAVs’ combin-
ing methods mentioned in previous sections. Elaborate control laws employed to adjust the
position and attitude of the vehicle combining information from computer vision, image pro-
cessing, path planning or other research fields. This topic is broad and contains many strate-
gies that approach the problem from various aspects. Coordinating sensors with controllers on
UAVs’ can be used as a basis for other sophisticated applications and determine their perfor-
mance. The rest of this section provides a brief overview of the contributions in this field.

In [103] the authors introduced a coupled state estimator for a quadrotor using solely cam-
eras and an IMU. The architecture of the proposed system used methods from stereo and
monocular vision for pose estimation and scale recovery, whereas this information is after-
wards fused in an Unscented Kalman filter with IMU measurements. The processed estimated
states are then distributed for trajectory planning, UAV control and mapping.

In [109] a sophisticated testbed to examine vision based navigation in indoor and outdoor
cluttered environments has been developed. The vehicle is equipped with stereo camera, an
IMU, two processors and an FPGA board. Moreover, the cameras use stereo odometry for
ego-motion estimation, which is fused in an EKF with IMU measurements for mapping and
localization purposes. It has been also developed an obstacle-free path planning routine so
that the UAV is able to move between waypoints in the map. Similarly, in [154] an unmanned
aircraft system towards autonomous navigation based on laser and stereo vision odometry has
been developed. The vehicle was designed to operate in search and rescue missions in un-
known indoor or outdoor environments. The system components consisted of three sections,
the perception, the action and the cognition layer. During the perception part the visual and
laser measurements were merged with the IMU data for the UAVs state estimation. This layer
also performed object detection task. The action layer consisted of the flight controller which
utilized the estimated pose of the vehicle. Lastly, during the cognition phase path planning
for the autonomous navigation were employed. Additionally, in [155] SIFT feature descrip-
tor passed data to the homography algorithm for motion estimation. Then, the measurements
were fused with inertial information by an EKF. It has been also described a delay based mea-
surement update method to pass the homography data to the Kalman filter without any state
augmentation. Another similar approach [156] also proposed a vision-aided inertial navigation
system for small UAV based on homography. The data from the IMU, the camera, the mag-
netometer and the altimeter were fused through an EKF using a novel approach and then were
utilized by the UAV control for hovering and navigation.

In [157] a complete solution towards UAV autonomous navigation with flight endurance
has been presented. Moreover this vehicle was able to take-off and land either on the ground
or on a designed charging platform. These tasks were performed by computer vision landing
and navigation algorithms and UAV control scheme, using a camera and an ultrasonic sensor.
The landing algorithm implemented Ellipses tracking while in the navigation algorithm op-
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tical flow algorithm was utilized. In [158] a road following system for a monocular UAV has
been proposed. The vehicle was equipped with a camera, an IMU and an ultrasonic scanner.
Moreover, it was able to measure its position, orientation in relation to the road that had to
follow without any prior information. This method implemented algorithms to deal with sit-
uations where the target road was occluded, switching to inertial sensors for position data. It
has also been developed a switching controller to stabilize the lateral position of the vehicle
for both the detected and occluded road cases. In [159] a robust vision terrain referenced navi-
gation method for UAV position estimation has been proposed, combining visual odometry by
homography with point-mass filter based navigation algorithm. The data used in the process
were obtained from a monocular camera, a radio altimeter and a terrain referenced elevation
map. In the same track in [160] a technique for UAV pose estimation through template based
registration has been suggested, using a set of georeference images. The UAV captured image
was processed using a similarity function, with a reference template. This approach utilized
Mutual Information for similarity function.

In [161] a combination of a stereo system with a IMU for UAV power line inspection tasks
has been suggested. The aircraft navigated in close proximity to the target during the inspec-
tion. This proposal performed UAV pose estimation and environment mapping, by merging
visual odometry with inertial navigation through an EKF. In [162] a vision system for UAV
autonomous navigation using as reference the distance between the vehicle and a wall has been
developed, utilizing a laser and camera perception system. The sensors extracted 3D data and
provided them to control law for the autonomous navigation. This approach offered the nov-
elty of alternative sensor usage and combination in order to trespass the payload limitations
of the mini scale UAV. In [163] an on-board vision FPGA-based module has been designed
with potential application for real time UAV hovering. The sensor implemented various image
processing algorithms like Harris detector, template matching image correction and an EKF to
extract all the required information for the stabilization control. It has been specifically des-
tined for mini unmanned aircrafts with limited resources, size and payload. Similarly in [164]
a system for UAV stabilization over a planar ground target has been presented. This approach
tackled the problem of time delay when data are fused in Kalman filter from different sen-
sors. In [165] the receding EKF horizon planning algorithm for UAV navigation in cluttered
environments has been suggested. In this approach, the data from the camera and the IMU
were processed by an Unscented Kalman filter, while the estimated states from the filter were
integrated to the receding horizon control and the flight controller. This research combines the
horizon planning with SLAM for navigation and obstacle avoidance.

In [166] a path planning algorithm for autonomous exploration in bounded unknown envi-
ronments has been presented. The core of this work is based on a receding horizon scheme.
The views are sampled as nodes at random tree and according to the amount of unmapped
space the next best viewpoint is selected. Additionally, visual sensors are employed to provide
information on the explored area. This algorithm is experimentally evaluated on a hexacopter.
In [167] a complete aerial platform setup has been developed for river mapping. The proposed
work employs a stereo camera and a laser scanner for the mapping, obstacle detection and state
estimation. Two exploration algorithms have been tested, a follow the river in stable flight mod-
ification of Sparse Tangential Network, and secondly maximize the river length that is covered
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during mission with experimental evaluations. In [168] coverage algorithm for ground areas
from fixed wing UAVs has been proposed. The novelty of this work stands in the consideration
of practical problems in the coverage mission. More specifically, the size of the UAV deployed
team is a function of the size and shape of the area as well as the flight time of the platform.
The developed algorithm consists of two parts, modelling the area coordinates in a graph in a
way that a single agent covers the area in a minimum time and secondly an optimization step
is performed to define the routes for the team of aerial platforms for the coverage. In [169]
an aerial platform with localization, mapping and path planning capabilities in 3D has been
developed. This approach is based on vision and IMU sensors. Visual inertial odometry is
performed for local consistency of the platform movement according to defined task on high
level from the operator. Sparse pose graph optimization and re-localization of landmarks are
implemented to correct the drift in odometry estimates. The optimized poses are combined
with stereo vision data to build a global occupancy map that is used also for the global planner
to calculate 3D dynamic paths based on the detected obstacles. The experimental trials were
performed in unknown environments with solely onboard processing.

2.4 MAV Perception in Subterrenean Environments
Within the related literature of MAVs in underground mine operations, few research efforts
have been reported trying to address these challenging tasks. In [170] a visual inertial navi-
gation framework has been proposed, to implement position tracking control of the platform.
In this case, the MAV was controlled to follow obstacle free paths, while the system was ex-
perimentally evaluated in a real scale tunnel environment, simulating a coal mine, where the
illumination challenge was assumed solved. In [171] a more realistic approach, compared
to [170] regarding underground localization, has been performed. More specifically, a hexa-
copter equipped with a Visual Inertial (VI) sensor and a laser scanner was manually guided
across a vertical mine shaft to collect data for post-processing. The extracted information from
the measurements have been utilized to create a 3D mesh of the environment and localize the
vehicle. Finally, in [172] the estimation, navigation, mapping and control capabilities for au-
tonomous inspection of penstocks and tunnels using aerial vehicles has been studied, using
IMU, cameras and lidar sensors.

2.5 MAV Navigation
Several works in the existing literature have addressed the control and navigation of MAVs in
challenging environments using various sensor configurations. In [172] the fields of estima-
tion, control and mapping for the MAV’s autonomous navigation along penstocks, have been
studied. In this work the major sensors used were a laser range finder and four cameras for
the task of state estimation and mapping. In [173] a range based sensor array approach has
been developed to navigate along right-rectangular tunnels and cylindrical shafts. The authors
proposed a range sensor configuration, to improve the localization in such environments and
provide the means for autonomous navigation. In [174], the authors presented a multi-modal
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sensor unit for mapping applications, as a means for aerial robots to navigate in dark under-
ground tunnels. In this work, the unit consists of a stereo camera, a depth sensor, an IMU and
led lights syncs with the camera capture for artificial lightning. Furthermore, the unit has been
integrated with a volumetric exploration method, demonstrating the capabilities of the overall
system. Regarding vision based optimal predictive control not many works have addressed the
coupling of the control actions with vision, that can act as the planner for autonomous nav-
igation. In [175], a perception-aware Linear Model Predictive Control (MPC) algorithm has
been proposed to compute trajectories for quadrotors that maximize the visibility of a desired
target, optimizing both the action and perception objectives. This method leverages numerical
optimization to compute feasible trajectories solving an optimization problem, where the cost
function respects both the robot dynamics and perception objectives. In [176] a collision avoid-
ance scheme has been presented that guides an aerial vehicle around an object along a conical
spiral trajectory using a spherical camera model in a visual predictive control. In this work, the
vehicle dynamics have been linearized and partitioned in two parts, the first part includes the z
axis and the second part the x and y axes, leading to two individual controllers that provide the
control actions for the low level control. The image and z axis of the vehicle’s dynamics are
included in a process model and the nonlinear optimization problem is solved over the derived
common state. Other works on vision based control have approached the navigation from other
aspects, such in [177] where the authors proposed a method to guide a multirotor to a desired
pose, while simultaneously keeping a target within the field of view of the onboard camera. In
this work, a visual servoing scheme is used to generate a trajectory, based on the minimization
of the target re-projection error, while a MPC scheme was developed to track the trajectory.
In [178] the authors presented a hybrid visual servoing scheme for deferentially flat systems
formulated as an optimal control. The method initially computed the final pose of the vehicle
using the desired camera view by solving a Perspective-n-Point (PnP) problem and then used
optimal control to compute a feasible trajectory, with a cost function to keep the image features
in the view.

Several works in the existing literature have addressed the control and navigation of MAVs
in challenging environments using various sensor configurations. In [172] the fields of estima-
tion, control and mapping for the MAV’s autonomous navigation along penstocks, have been
studied. In this work the major sensors used were a laser range finder and four cameras for
the task of state estimation and mapping. In [173] a range based sensor array approach has
been developed to navigate along right-rectangular tunnels and cylindrical shafts. The authors
proposed a range sensor configuration, to improve the localization in such environments and
provide the means for autonomous navigation. In [174], the authors presented a multi-modal
sensor unit for mapping applications, a means for aerial robots to navigate in dark underground
tunnels. In this work, the unit consists of a stereo camera, a depth sensor, an IMU and led
lights syncs with the camera capture for artificial lightning. Furthermore, the unit has been
integrated with a volumetric exploration method, demonstrating the capabilities of the overall
system. In [179] the authors demonstrated an integrated approach for autonomous navigation
and mapping in underground mines using aerial robots. More specifically, two different ap-
proaches have been presented, one based on VI and one based on LiDAR-Inertial localization
and mapping. Finally, this work presented the Next-Best-View-Adaptive planning method for
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continuous exploration within a progressively explored map. Other works [180] overviewed
the design and comprehensive evaluation of a set of aerial robotic systems in underground mine
exploration applications.

2.6 Aerial Manipulator Visual Guidance
Only a limited number of works have considered the visual guidance system as a means to
assist the manipulation task. More specifically in [181], a vision-based guidance system for a
3 DOF manipulator has been developed. This work presented an IBVS scheme using image
moments to derive the velocity references for commanding the coupled system (MAV and ma-
nipulator), while the object detection was based on color thresholding. An adaptive controller
was designed to switch between position and IBVS control, while the authors of [181] extended
their work on manipulation in [182], by proposing a guidance system for cylindrical objects,
where the detection has been performed using random and sampling consensus (RANSAC)
ellipse detection. In this work a stochastic MPC has been employed to handle x and y rota-
tional velocities as stochastic variables. In [183] an aerial manipulator guidance system has
been presented, where the novelty of this work stems from the designed hierarchical control
law that prioritizes tasks like collision avoidance, visual servoing, center of gravity compensa-
tion and joint limit avoidance during a flight. In [184] a tree cavity inspection system has been
presented based on depth image analysis and image processing, while the overall goal was to
drive the end-effector inside the cavity. In [185], a stereo vision system for object grasping
has been proposed with a detection algorithm to learn a feature-based model in an off line
stage and then use it online to detect the targeted object and estimate its relative pose. Finally,
in [186] a hybrid visual servoing with a hierarchical task-priority control framework for MAVs
has been presented. In this work a hybrid control framework has been developed combining
image-based as well as position-based visual servoing for the target approaching.

2.7 Discussion

2.7.1 Challenges

This part provided an overview of the advances in vision based navigation, perception and con-
trol for unmanned aerial systems, where the major contributions in each category were enlisted.
It is obvious that integrating visual sensors in the MAV ecosystem is a research field that at-
tracts huge resources, but still lacks of solid experimental evaluation. For various reasons aerial
vehicles can be considered as a challenging testbed for computer vision applications compared
to conventional robots. The dimensions of the aircraft’s state is usually larger from the ones
of a mobile robot, while the image processing algorithms have to provide visual information
robustly in real time and should be able to compensate for difficulties like rough changes in
the image sequence and 3D information changes in visual servoing applications. Despite the
fact that the computer vision society has developed elaborate SLAM algorithms for visual ap-
plications, the majority of them, cannot be utilized for MAV’s directly due to limitations posed
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by their architecture and their processing power. More specifically aircrafts have a maximum
limit in generating thrust in order to remain airborne, which restricts the available payload for
sensing and computing power. The fast dynamics of aerial platforms demand minimum delays
and noise compensation in state computations in order to avoid instabilities. Furthermore, it
should be noted that unlike the case of ground vehicles, MAVs cannot just stop operating when
there is great uncertainty in the state estimation, a fact that could generate incoherent control
commands to the aerial vehicle and make it unstable. In case that the computational power
is not enough to update the velocity and attitude in time or there is a hardware-mechanical
failure, the MAV could have unpredictable behaviour, increase/decrease speed, oscillate and
eventually crash. Computer vision algorithms should be able to respond very quickly to scene
changes (dynamic scenery), a consequence from MAVs native ability to operate in various alti-
tudes and orientations, which results in sudden appearance and disappearance of obstacles and
targets. An important assumption that the majority of the presented contributions consider, is
the fact that the vehicles fly in low speeds in order to compensate the fast scene alterations.
In other words, dynamic scenery poses a significant problem to overcome. Another challenge
in SLAM frameworks that should be taken into account is the fact that comparing to ground
vehicles, aerial platforms cover large areas, meaning that they build huge maps that contain
more information. Object tracking methods should be robust against occlusions, image noise,
vehicle disturbances and illumination variations while pursuing the target. As long as the target
remains inside the field of view but it is either occluded from another object or is not clearly
visible from the sensor, is crucial for the tracker to keep operating, to estimate the target’s tra-
jectory, recover the process and function in harmony with the MAV controllers. Therefore the
need for further, highly sophisticated and robust control schemes exists, to optimally close the
loop using visual information.

Nowadays, the integration of computer vision applications on MAVs has past it’s infancy
and without any doubt there have been made huge steps towards understanding and approach-
ing autonomous aircrafts. The subject of MAVs control is a well studied field, since various
position, attitude, and rate controllers have been already proposed, while currently there is
a significantly large focus of the research community on this topic. Thus, it is important to
establish a reliable link between vision algorithms and control theory to reach greater lev-
els of autonomy. The research work presented in this review, indicates that some techniques
are experimentally proved but many of visual servoing, SLAM and object tracking strategies
for autonomous MAVs are not yet fully integrated in their navigation controllers, since the
presented approaches either work under some assumptions in simple experimental tests and
system simplifications or remain in the simulation stage. In addition, their performance is
constantly evaluated and improved so more and more approaches are introduced. Therefore,
seminal engineering work is essential to take the current state of the art a step further and evalu-
ate their performance in actual flight tests. Another finding from this survey is the fact that most
experimental trials, reported in the presented literature, were performed on unmanned vehicles
with an increased payload for sensory systems and onboard processing units. Nonetheless, it
is clear that current research is focused on miniature aerial vehicles that can operate indoors,
outdoors and target infrastructure inspection and maintenance using their agile maneuvering
capabilities.
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2.7.2 Future trends
MAVs possess some powerful characteristics, which in the near future potentially could turn
them into the pioneering elements in many applications. Characteristics like the versatile move-
ment, combined with special features, like the lightweight chassis and the onboard sensors
could open a world of possibilities and these are the reasons why MAVs have gained so much
attention in research. Nowadays, the scientific community is focused in finding more efficient
schemes for using visual servoing techniques, develop SLAM algorithms for online - accurate
localization and detailed dense 3D reconstruction, propose novel path planning methods for
obstacle free navigation and integrate aerial trackers, for real scenario indoors and outdoors
applications. Moreover, nowadays many resources are distributed in visual-inertial state esti-
mation to combine advantages from both research areas. The evolution of processing power
on board aerial agents will open new horizons in the field and define reliable visual-inertial
state estimation as the standard procedure and the basic element of every agent. Additionally,
elaborate schemes for online mapping will be studied and refined for dynamic environments.
Moreover, there is ongoing research on equipping MAVs with robotic arms/tools in order to
extend their capabilities in aerial manipulation for various tasks like maintenance. The upcom-
ing trends will examine floating base manipulators towards task completion in either single or
collaborative manner. Operating an aerial vehicle with a manipulator is not a straightforward
process and many challenges exist, like the compensation for the varying Center Of Gravity
and the external disturbances from the interaction, capabilities that are posing demanding vi-
sion based tasks and that are expected to revolutionize the current utilization of MAVs. Finally,
there is also great interest in cooperative operation of multiple aerial platforms and mostly for
distributed solutions were the agents act individually exchanging information among them to
fulfill specific constraints. Aerial robotic swarms is the future for many applications such as in-
spection, search and rescue missions as well as farming, transportation and mining processes.



CHAPTER 3

Field Based Single-Image
Enhancement and 3D

Reconstruction

This chapter focuses on the experimentally verified algorithmic solutions for enhancing
images collected from aerial vehicles. The enhancement aims to facilitate the manual inspec-
tion of infrastructures, while assisting the object recognition tasks and the generation of 3D
models. Furthermore, twork identifies novel application scenarios for integrating image pro-
cessing techniques in the real field. Although, the scientific community has proposed excep-
tional methodologies [187] there is still a gap in the utilization of those methods in real-life
challenging environments [188].

Generally, the quality of an image or a video sequence, largely depends on the light con-
ditions of the environment. For example, strong light produces images with a wash out effect
and weak light produce images that are not visible due to the darkness. For both of the cases,
the contrast of the two images is extremely low and needs further modification in order to re-
veal the details of the images. These typical low light conditions occur in mines, usually due
to the lack of proper illumination and in other underground or indoor dark environments, e.g.
factories. In all these cases, even if it was possible and realistic to utilize a light on board of
the MAV in order to illuminate the surrounding area of interest, this would have drawbacks for
the mission design due to: a) the limited weight that the MAV can lift and b) the limited power
supply that the MAV can support with the corresponding impact on the flight duration. A char-
acteristic example of such a low light image capturing conditions, acquired from a camera on
a MAV, is displayed in Figure 3.1 .

The solution to the described low light capturing conditions will be to employ image pro-
cessing methods in order to enhance the contrast of the captured image, since higher contrast
level images display more detailed images and color differences, when compared to the lower
contrast level ones.

39
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Figure 3.1: Image of low light conditions in an underground tunnel captured by the camera on
board of a MAV.

3.1 Single-Image Enhancement Benchmarking

This work focuses on a comprehensive study and evaluation of existing low-level vision tech-
niques for low light image enhancement, targeting applications in subterranean environments.
More specifically, an emerging effort is currently pursuing the deployment of MAVs in subter-
ranean environments for search and rescue missions, infrastructure inspection and other tasks.
A major part of the autonomy of these vehicles, as well as the feedback to the operator, has
been based on the processing of the information provided from onboard visual sensors. Never-
theless, subterranean environments are characterized by a low natural illumination that directly
affects the performance of the utilized visual algorithms.

Figure 3.2a depicts a typical example of an underground tunnel with limited natural illu-
mination. Inspired by the challenge of poor visibility in such environments, this work tries
to identify the performance of the current state of the art methods in realistic and degraded
environments with restricted access. Studying methods to enhance the quality of image data,
recorded on board of the MAV during the mission, has a value for both the mission accomplish-
ment, as well as the data post processing for generating 3D models, identifying degradation in
the area and general acquiring a direct visual feedback for the asset owners to contextualize the
location of the damages found during the inspection task.

3.1.1 Algorithm Description

Towards this vision, five methods have been utilized for the image low light enhancement and
in the sequel each one of them is going to be briefly described.

LIME [189] is a method that belongs to the Retinex-based category [190, 191], which
intends to enhance a low-light image by estimating its illumination map. However, one of the
fundamental differences from other Retinex based methods that are based on decomposing the
recorded image into the reflectance and illumination component, is the fact that it estimates
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Figure 3.2: a) MAV with onboard illumination in a subterranean area with complete lack of
natural illumination sources. b) Image of low light conditions in a mine captured by the camera
on board a MAV.

one of the two components, namely the illumination. This has the advantage that it reduces
the solution space and thus reduces the overall computation cost. The first step of the method
is to estimate the illumination map by computing the maximum intensity for each one of the
pixels of the three channels (Red, Green, Blue) of the color image. Then, a refinement step
is employed to better estimate the illumination map by introducing an Augmented Lagrangian
Multiplier.

The goal of the Joint Low-Light enhancement and denoising method [192] is to enhance a
low light image, while in parallel tries to minimize the inherent noise. The method is based on
the Retinex category and decomposes the image into a reflectance and illumination map where
a smoothed illumination map with a noise free reflectance map is computed. This is achieved
by initially estimating the illumination map and then independently estimating the reflectance
map. After the extraction of the smoothed illumination map, a large fraction of the noise is still
present in the reflectance map, which is suppressed in the sequel by using weighted matrices.

The LECARM [193] method uses the nonlinear Camera Response Function (CRF) in order
to reduce distortions to the enhancement and thus it leads to a significant reduction in the visual
quality. In this approach, initially it is employed a fixed response curve in order to obtain the
parameters of the CRF function. Then the second step in this methodology is the estimation of
the illumination map by using the LIME method [189] and in the sequel the estimated exposure
ratio map can be extracted from that, since it is inversely proportional to the illumination map.

The MSR [194, 195] method is another method based on the Retinex model [196]. It
combines the retinex dynamic range compression and color constancy with a color restoration
filter that provides excellent color rendition.

Finally, in the last method [197] a two level exposure fusion approach in order to compute,
as accurate as possible, the contrast and light enhancement is introduced. The method first
computes a weight matrix for the image fusion step by using the illumination map that will
be estimated. The camera response model is then computed and the best exposure ratio is
computed for regions where the original images are under exposured. The final image is fused
with the enhanced image by using the weight matrix.
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3.1.2 Dataset Overview
The proposed study of image processing techniques in dark environments has been evaluated
by using datasets collected from actual flights of two custom designed aerial platforms shown
in Figure 3.3 and from two different locations in Sweden. The rest of the section provides a
thorough description of the visited underground areas.

Figure 3.3: Aerial platforms used for the dataset collection. On the left column is the platform
used for the 1st dataset and on the right column is the platform used on the 2nd dataset.

The first dataset was collected inside a tunnel under Mjölkuddsberget mountain located at
Luleå, Sweden. The selected environment, which resembles an underground mine tunnel, was
pitch dark without any external illumination, while the tunnel surfaces consisted by uneven
rock formations. The dimensions of the testing tunnel area were 100×2.5×3 m3, capturing
the camera sequences, while the MAV was following the path along the tunnel. Furthermore,
the tunnel lack the presence of strong magnetic fields, while small particles were floating in
the air during the flights. The aerial platform has been equipped with one 10W LED light bar
pointing towards the field of view of the camera to illuminate its surroundings. In more details,
this light bar was set to different illumination levels (luminous flux per unit area or lux) varying
from 2000 lux to 400 lux. The camera used in the dataset sequences was the FOXEER Box 1

that was recording with a resolution of 1920×1080 at 60fps. Figure 3.4 depicts representative
snapshots of the dataset, where the dominating darkness in the surrounding environment is
evident.

The second dataset was collected in an area 790m deep in an underground mine in Sweden
without any natural illumination sources. Furthermore, the underground tunnels did not have
strong corrupting magnetic fields, while their morphology resembled an S shape environment
with small inclination. Overall, the field trial area had width, height and length dimensions
of 6m, 4m, and 150m respectively. The MAV is equipped with two 10W LED light bars in
both front arms for providing additional illumination for the looking forward camera. In more
details, this light bar was set to different illumination levels (luminous flux per unit area or
lux) varying from 400 lux to 40 lux. During the data collection, the GoPro7 visual sensor has
been used with resolution of 3840×2160 pixels with 60fps. Figure 3.4 depicts representative
snapshots of the dataset, where the dominating darkness in the surrounding environment is

1http://foxeer.com/Foxeer-4K-Box-Action-Camera-SuperVision-g-22
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evident.

Figure 3.4: In the left column are depicted representative snapshots from the first dataset, while
in the right column are depicted representative snapshots from the second dataset.

Evaluation Strategies

The merit of the dataset is the fact that it considers non ideal conditions captured in real low
light environments with sensors that are commonly used in MAV applications. The datasets
have been captured from an aerial vehicle flying along subterranean tunnels. In the performed
field trials, it was not possible to capture images with ground truth illumination to match the
actual images recorded in the dataset that have low illumination levels, since the MAV mo-
tion was slightly different in every run. The popular full-reference PSNR/SSIM [198] met-
rics found in the literature, for evaluating the enhancement methods, have limited evaluation
applicability in practice. Therefore, to complement the evaluation process, this work refers
to two no-Reference IQA models: 1) BLind Image Integrity Notator using DCT-Statistics
(BLIINDS2) [199] and 2) Naturalness Image Quality Evaluator (NIQE) [200], 3) Blind/Referenceless
Image Spatial QUality Evaluator (BRISQUE) [201], 4) Perception based Image Quality Evalu-
ator (PIQE) [202]. The no-Reference method provides as an outcome a score ∈ [0, 100], where
the lowest value indicates a better performance.

The described datasets have been used for the method evaluation. More specifically, the
first set of evaluation images is described as Set1 and is derived from part of dataset2. The
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Set1 includes 200 frames captured with 40lux illumination measured from 1m distance. The
MAV was flying manually following a straight path. The second set of evaluation images is
described as Set2 and is derived from part of dataset2. The Set2 includes 200 frames captured
with 100lux illumination measured from 1m distance. The MAV was flying manually follow-
ing the tunnel. Finally, another part from the dataset2 has been extracted into the Set3 where it
includes 200 frames captured with 200lux illumination measured from 1m distance. The MAV
was flying autonomously following the S-shaped tunnel path. All images in the datasets have
been exported from the videos recorded onboard and have been saved in a JPEG compression
format. Additionally, all frames have been down-sampled to 960pixels×540pixels for reduc-
ing the overall computation time. For a fair comparison, all methods have been evaluated in
Windows 10 MATLAB environment in a machine with 2.69GHz CPU and 12G RAM.

3.1.3 Evaluation
This Section describes the evaluation results of the five State-of-the-Art methods available
online, namely: 1) BIMEF 2, 2) LECARM 3, 3) JED 4, 4) MultiscaleRetinex 5, and 5) LIME 6.

The evaluation process is divided in two parts: a) quantitative evaluation, and b) subjective-
qualitative evaluation. Table 3.1 presents the BLIINDS2 and NIQE metrics for all methods for
a number of 10 images from Set1, Set2 and Set3, while Table 3.2 presents the BRISQUE and
PIQE metrics for all methods for 200 images from Set1, Set2 and Set3. By inspecting the ta-
bles, it is observed that for different metrics different methods perform better. The performance
is also varying among different datasets for the same method. When it comes to no-reference
metrics the results become less consistent. Such an inconsistency between no-reference eval-
uations is a point raised in this work and should be addressed in a task oriented manner for
different application scenarios.

Table 3.1: Average no-Reference evaluation results of low light enhancement algorithms

Set1 Set2 Set3
Bliinds2 Niqe Bliinds2 Niqe Bliinds2 Niqe

BIMEF 29.8421 19.2128 87.3000 21.0303 33.9500 19.1589
LECARM 30.9000 19.0942 16.1500 20.8437 34.7000 18.8645

JED 34.6500 19.3555 21.9500 25.2385 36.3500 19.5826
MSR 34.6250 16.5409 37.6000 19.8599 40.9000 16.9791
LIME 33.4500 18.4797 19.9000 19.3274 36.9000 18.3015

Although the methods have been evaluated using the above no-Reference metrics it is not

2https://github.com/baidut/BIMEF
3https://github.com/baidut/LECARM
4https://github.com/baidut/OpenCE/tree/master/others
5https://github.com/baidut/BIMEF/tree/master/lowlight
6https://github.com/baidut/BIMEF/tree/master/lowlight
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Table 3.2: Average no-Reference evaluation results of low light enhancement algorithms

Set1 Set2 Set3
Brisque Piqe Brisque Piqe Brisque Piqe

BIMEF 32.2073 16.9229 37.0642 29.8044 45.9678 12.8824
LECARM 35.6660 15.3142 36.1718 29.1353 46.0225 10.2393

JED 51.1892 39.2722 39.7473 48.1605 50.2417 42.7230
MSR 40.8146 16.2568 19.4552 32.5144 46.6340 10.5247
LIME 40.0704 13.6910 39.3943 40.2375 46.8235 9.4447

evident how the algorithms perform in reality and their applicability in various MAV missions.
To this end, Figure 3.5 visualizes the resulting outcome, when employing the methods using
the collected datasets. Three different frames have been selected from each set of images (Set1,
Set2 and Set3), which are representative from such tunnel environments. From this Figure it
is shown that all methods reveal further details from the environment by showing the tunnel
width. Although MultiscaleRetinex adds to many artifacts and noise, its applicability fits for
visual feedback to the operator, thus extending the surroundings perceived from the aerial
vehicle. Moreover, they fit for navigation tasks that process the darkness of the tunnels, by
revealing the local geometry of the tunnels showing walls and floors. However, the images are
noisy for 3D reconstruction and place recognition methods.

Figure 3.5: Qualitative results for the human visual perception.

This part of the thesis focuses on the perception task of an aerial robotic worker and aims
in proposing novel methods for enhancing the 3D dense reconstructions of infrastructures (un-
derground tunnels, windturbines) by using MAVs. More specifically, video data recorded on
board of the MAV during the mission can be post processed to provide a detailed 3D model
of the visited area. The 3D model of the area of interest provides an actual comprehensive
visual and geometric information for the asset owner or the infrastructure inspectors for further
analysis, to contextualize the location of the damages found during the inspection task, while
the 3D information further facilities the evaluation of defects relative to the neighboring ar-
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eas [203]. The combination of small scale and agile robotic platforms with advanced computer
vision algorithms have the potential to create a powerful tool that is able to address complex
tasks and provide better visual data and subsequently enabling a better decision making around
the inspected infrastructure.

3.2 Image enhancement for 3D reconstruction

Combining the affordability of visual sensor suites and the continuous miniaturization of high
performance processors, creates new demands in the infrastructure inspection operating cycles.
It is becoming more and more relevant the concept of automating the inspection process in lo-
cations where the human presence is in danger, while industry seeks for cost-efficient manners
to upgrade their current practices. Photogrammetry is a technology that has not yet been fully
integrated in such scenarios due to various challenges, but has the potential to revolutionize
the way infrastructure inspection is performed today. Moreover, aerial robotics are currently
expanding fast, demonstrating extraordinary capabilities that can be utilised for the inspec-
tion purposes. In general, environments like underground tunnels and large-scale windturbines
pose issues like darkness, low contrast or low texture visual data. This part of the thesis, iden-
tifies the merit of deploying autonomous MAVs for visual data collection and processing and
presents novel experimental results trying to exploit better the use of Computer Vision and
MAVs in this application area.

3.2.1 Contrast Limited Adaptive Histogram Equalization

One of the most prominent and simple techniques like the Histogram Equalization (HE) [204]
has been employed to enhance images in low light conditions. This method alters the histogram
of the original image in such a way that the resulting image will have a constant histogram. An-
other method that is based on locally equalizing regions or blocks of the image is the Adaptive
Histogram Equalization (AHE) [205], [206] method, which has the advantage that is adaptive
to local information of the image. However both of these methods suffer from the fact that they
actually enhance noise, particularly in homogeneous regions of the image, since the histogram
in such regions is highly concentrated.

Contrast Limited Adaptive Histogram Equalization (CLAHE) [207] overcomes such prob-
lems and the histogram of the new image is clipped in a way that the clipped pixels are re-
assigned to each gray level. This is the case in homogeneous or uniform regions of the image
where high peaks of the histogram are present. In this case both methods, the AHE or HE
enhance the image noise, since a very narrow range of input intensities will be mapped to a
wider range of output intensity values. CLAHE on the other hand will enforce a maximum on
the counts of the output histogram, thus limiting the amount of contrast enhancement.

The key parameters of the CLAHE method are two: the Block Size (BS) of the region,
which the method will be employed and the Clip Limit (CL). As the threshold CL is increased,
the resulting image will be brighter because larger CL will produce a flatter histogram. Finally,
as the BS will be larger the dynamic range will become larger and the contrast of the image is
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also increased. The CLAHE method is composed of a number of steps that for clarity will be
briefly described in the sequel:

1. Divide the original image into a number of blocks of size M×N, where M and N are the
number of pixels in the x and y direction respectively and for each region compute:

Naver =
M ·N
Ngray

, (3.1)

where Ngray is the number of gray levels in the region.

2. The actual clip limit NCL will be computed as:

NCL = Nclip ·Naver, (3.2)

where Nclip is the normalized CL in the range of [0,1].

3. The total number of clipped pixels will be defined as Sclipped with the average number of
pixels (Nanp) having to distribute uniformly to all gray levels is defined as:

Nanp =
Nanp

Ngray
. (3.3)

The contrast limited histogram of the contextual region can be calculated with the fol-
lowing set of rules:

Hclipped(i) =


NCL, if (i)> NCL
NCL, if H(i)> NCL +Nanp

H(i)+NCL, otherwise

 , (3.4)

where H and Hclipped are the initial histogram and clipped histogram respectively.

4. Redistribute the remaining pixels Nrp by searching from the minimum to the maximum
gray level with the following step: step =

Ngray
Nrp

. One pixel will be distributed to the gray
level if the number of pixels in the gray level is less than NCL. The procedure is repeated
until all remaining pixels are all distributed to the new histogram.

5. Apply HE to the resulting histogram Hclipped .

6. In order to reduce some abruptly changes in the resulting histogram apply linear contrast
stretch [204].

An example of the CLAHE method applied to an image of the tunnel is shown in the
following Figure 3.6.
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(a)

(b)

Figure 3.6: CLAHE method employed to a tunnel image (a) before CLAHE and (b) after
CLAHE.

3.2.2 Monocular 3D Reconstruction

The application scenario considered in this thesis targets the inspection of underground mine
tunnels by utilizing aerial robotic platforms. The final outcome of the inspection mission will
be a high fidelity 3D model of the inspected surface by post processing the collected visual data
using the Structure from Motion (SfM) [208]. The reconstruction can be further analyzed by
inspection experts to detect abnormalities or other type of defects speeding up and facilitating
the maintenance task, or even overall updates on the a priori map libraries.

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 pro-
cess, different camera viewpoints are used off-line to reconstruct the 3D structure. The process
starts with the correspondence search step, which identifies overlapping scene parts among in-
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put images. During this stage, feature extraction and algorithm matching between frames is
performed to extract information about image scene coverage. Following this, the geometric
verification using the epipolar geometry [209] to remove false matches takes place. In this
approach, it is crucial to select an initial image pair I1 and I2 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 I1 and I2 using the 5-point algorithm [210], decomposing the resulting Essential
matrix Ees with Singular Value Decomposition (SVD) and finally builds the projection matri-
ces Pi = [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 posi-
tion X3D. Afterwards, the two-frame Bundle Adjustment refines the initial set of 3D points,
minimizing the reprojection error. After this initialization step, the remaining images are in-
crementally 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 PnP [211]. 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 the algorithm 1. During the
coverage tasks, the agents fly autonomously based on visual inertial odometry. The absolute
scale of the reconstructed object can be recovered by combining full-pose annotated images
from the on-board localization of the camera.

Algorithm 1 Monocular 3D reconstruction
1: function TWO-VIEW RECONSTRUCTION

2: Detect features ( f1, f2) in frames (I1, I2)
3: Match f1 and f2 between I1 and I2
4: Remove false matches→ inlier matches ( f̂1, f̂2) ; Geometric Verification
5: 5-point(I1, I2, f1, f2)→ Es ; Essential Matrix
6: SVD(Es)→ R, t ; Relative Camera Pose
7: Projection matrices P1,P2 → P1 = [I|0], P2 = [R|t] Triangulate(I1, I2, f1, f2,P1,P2) →

X3D ; 3D points
8: Bundle Adjustment( f1, f2,P1,P2,X3D)
9: end function

10: Import initial pair I1, I2
11: TWO-VIEW RECONSTRUCTION(I1, I2,X3D)
12: for i : 1 : # f rames do
13: Import new camera frame Ii
14: PnP(Ii,X3D)→ Pi ; ith projection matrix, new frame registered
15: Multi-view Triangulation→X3D

new = X3D,X3D
i,k ; Augment existing 3D structure.

16: Bundle adjustment( fi, Pi,X3D
new)

17: end for
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3.2.3 Experimental Setup and Dataset Description
The proposed methodology for incorporating 3D dense reconstruction capabilities for aerial
vehicles in the novel application scenarios of underground tunnels, monuments and windtur-
bines, has been evaluated using datasets collected from actual flights of two different aerial
platforms.

The first dataset has been collected inside a tunnel under Mjölkuddsberget mountain located
at Luleå, Sweden. The selected environment, which resembles an underground mine tunnel,
was pitch dark without any external illumination, while the tunnel surfaces consisted by uneven
rock formations. The dimensions of the testing tunnel area were 100×2.5×3 m3, capturing the
camera sequences, while the MAV was following the path along the tunnel. Furthermore, the
tunnel lack the presence of strong magnetic fields, while small particles were floating in the
air during the flights. The aerial platform has been equipped with a LED light bar pointing
towards the field of view of the camera to illuminate its surroundings. In more details, this
light bar was set to different illumination levels (luminous flux per unit area or lux) varying
from 4000 lux to 3000 lux. The camera used in the dataset sequences was the FOXEER Box 7

that was recording with a resolution of 1920×1080 at 60 Frames Per Second (FPS) and with a
diagonal field of view of 155o, while Figure 3.7 depicts snapshots of the field trials during the
dataset collection, where the dominating darkness in the surrounding environment is evident.
The custom made and low-cost MAV has an onboard AAEON UP Board 8 with an Intel Atom
x5 Z8350 Processor of 64-bits and up to 1.92GHz and 4GB RAM, running Ubuntu Server
16.04 with Robot Operating System (ROS). The flight controller was a PIXHAWK [212] and
the platform provides almost 20 min of flight time.

Figure 3.7: Snapshots of the MAV flight within the tunnel for the dataset collection from
Mjölkuddsberget mountain at LuleåSweden.

The datasets collected from the underground tunnel field trials have been divided in two
cases capturing different locations. Figures 3.8 and 3.9 depict some sample image frames
from the two datasets, where the dataset1 includes 150 image frames and dataset2 includes
500 image frames that contain both the original as well as the enhanced with CLAHE frames.

7http://foxeer.com/Foxeer-4K-Box-Action-Camera-SuperVision-g-22
8https://up-board.org/
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Figure 3.8: Representative snapshots from the dataset1.1 collected during the MAV flight. On
the left column original images and on the right column the CLAHE enhanced images.

Figure 3.9: Representative snapshots from the dataset1.2 collected during the MAV flight. On
the left column original images and on the right column the CLAHE enhanced images.



52 SINGLE-IMAGE ENHANCEMENT

The second infrastructure inspection scenario related to large-scale and tall structures, has
been collected using the AscTec NEO platform (Figure 3.10). This aerial vehicle has a di-
ameter of 0.59 m and height of 0.24 m. The length of each propeller is 0.28 m as depicted in
Figure 3.10. This platform is capable of providing a flight time of 26 min, which can reach
a maximun 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 on-board Intel NUC computer with a Core i7-5557U and 8 GB
of RAM. The NUC runs Ubuntu Server 14.04 with ROS 9 installed. ROS is a collection of
software libraries and tools used for developing robotic applications. The utilised sensor suite
included the VI sensor (weight of 0.117 kg Figure 3.10) developed by Skybotix AG 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 ◦ Field of View (FOV), housing an IMU. Both the cameras
and the IMU [213] are tightly aligned and hardware synchronized. The camera was operated
in 20 fps with a resolution of 752x480 pixels, while the depth range of the stereo camera lies
between 0.4 and 6 m.

Figure 3.10: AscTec NEO platform with the VI sensor attached.

For this purpose two different structures have been selected to represent the actual infras-
tructure for the cooperative aerial inspection, 1) the Luleå University’s campus fountain with
radius of 2.8 m and height of 10.1 m without branches and 2) a wind turbine located in Bureå,
Sweden. In the wind turbine site, the wind speed was measured up to 13 m/s, while the wind
turbine structure had a base diameter of approximately 4.5 m, with a top diameter of approxi-
mately 1.5 m and with the height of the tower being 64 m. Moreover, the length of each blade
was 22 m with a corresponding cord length, at the root of the blade, of approximately 2 m and
at the top of the blade of 0.2 m, while the length of the hub and nacelle was approximately 4 m.

3.2.4 Experimental Results
The described experimental part was designed to demonstrate the performance of the proposed
enhanced image based 3D reconstruction scheme using the datasets discussed in Section 3.2.3.
The presented evaluation includes quantitative and qualitative results from the aspects of the 3D

9http://www.ros.org/
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reconstruction and image processing. The main goal is to demonstrate the ability to enhance
the images fed to the reconstruction pipeline and increase the information that can be extracted,
towards a more detailed 3D model generation. The evaluation considers the comparison of the
CLAHE enhanced images with the original images by using the state-of-the-art SfM software
Colmap [208]. In both reconstruction cases the same parameters have been selected regarding
the feature extraction, matching as well as the sparse and dense reconstruction, as shown in
Table 3.3.

Table 3.3: Colmap parameters used for dataset1 and dataset2

Dataset1 Dataset2
Camera Model Simple Radial Fisheye Simple Radial Fisheye

Feature Matching Exhaustive Matching Exhaustive Matching
–DenseStereo.window_radius 15 15

–StereoFusion.min_num_pixels 5 15
–PoissonMeshing.trim 7 7

–PoissonMeshing.depth 20 20

Dataset1.1

Initially for the case of the original images, the reconstruction pipeline provided two separate
pointclouds. Based on the software documentation COLMAP attempts to reconstruct multiple
models if not all images are registered into the same model. Therefore in the original images
the SfM pipeline is not able to place the collected images in the same model. The first point-
cloud processed 31 image frames and resulted in 300564 points, while the second pointcloud
processed 58 image frames and provided 587098 points. Figure 3.11 a) depicts the 2 resulting
pointclouds from the processing of the original images.

For the case of the CLAHE enhanced images the reconstruction pipeline provided a com-
plete pointcloud processing in total 117 image frames, while resulting in 1090067 points. Fig-
ure 3.11 b) depicts the resulting pointcloud from the processing of the enhanced images.

Table 3.4 presents the total number of points for each of the generated pointclouds as well
as the total image frames processed for each case. The proposed method provides a 3D model
with an increase of 22.08% compared to the pointclouds generated from the original images.
Moreover, the proposed method was able to use 24% more image frames compared to the
original images. Based on the quantitative results the proposed method is able to enrich the
image content and improve the reconstruction outcome. Generally, the original images fail to
provide a single pointcloud as a result and were able only to reconstruct parts of the dataset
where the illumination conditions where substantial.

The generated models have been converted also to a 3D mesh using Poisson surface re-
construction method [214]. The mesh resulting from the proposed method is characterized
by improved texture, with brighter colors, compared to the same location in the mesh resulting
from the original images. Thus, another merit of the proposed method considers the texture en-
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(a)
(b)

Figure 3.11: Dense reconstruction of dataset1 using COLMAP. (a) Original images, (b)
CLAHE enhanced images

Table 3.4: Original vs Enhanced images pointcloud summary

Original Enhanced
Pointcloud1 Pointcloud2 Pointcloud

# points 300564 587098 1090067
# frames 31 58 117

hancement of the 3D mesh. Figure 3.12 visualizes the different meshes generated from original
and CLAHE enhanced images.

Dataset1.2

Regarding this case, the reconstruction pipeline processed 110 image frames and resulted in
208525 points, Figure 3.11 a) depicts the 2 resulting pointclouds from the processing of the
original images.

For the case of the CLAHE enhanced images the reconstruction pipeline provided a com-
plete pointcloud processing in total 408 image frames, while resulting in 3562538 points. Fig-
ure 3.13 b) depicts the resulting pointcloud from the processing of the enhanced images.

Table 3.5 presents the total number of points for each of the generated pointclouds, as well
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(a) (b)

(c) (d)

Figure 3.12: Instances of the generated 3D meshes using dataset1. (a) and (b) based on original
image, while (c) and (d) based on CLAHE enhanced images

(a) (b)

Figure 3.13: Dense reconstruction of dataset2 using COLMAP. (a) Original images, (b)
CLAHE enhanced images
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as the total image frames processed for each case. The proposed method provides a 3D model
with 16× more points compared to the pointclouds generated from the original images. More-
over, the proposed method was able to use 3× more image frames compared to the original
images. Based on the quantitative results the proposed method is able to enrich the image
content and improve the reconstruction outcome. Similarly to dataset1, the original images
provide a single pointcloud as a results only in the parts of the scene where the illumination
conditions were substantial.

Table 3.5: Original vs Enhanced images pointcloud summary

Original Enhanced
#points 208525 3562538
#frames 110 408

Similarly to Section 3.2.4 the 3D mesh for each case has been generated and is depicted
in Figure 3.14. In this scenario the original images provide slightly smoother mesh but only
from the areas with sufficient illumination, whereas the proposed method was able to provide
a mesh including bigger part of the inspected tunnel, trading off completeness and accuracy.

(a) (b)

Figure 3.14: Instances of the generated 3D meshes using dataset2. (a) based on original image
and (b) based on CLAHE enhanced images

Based on the results from the datasets presented in this work, the proposed method is able to
enhance the information extracted from the image and used by the reconstruction pipeline. The
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critical part that emphasizes the importance of this study is that it focuses on low cost solutions
for 3D model generation applied in underground tunnel environments. This system can be the
basis of a robust inspection system structured around aerial robotics and visual sensors.

Edge detection comparison

In order to evaluate the effectiveness of the proposed method the Sobel edge detection method [204]
has been used, with a threshold value of 0.02.

Below a representative example of a tunnel image is depicted with its detected edges before
and after the application of the CLAHE method. As one can see significant edge information
is absent from the original image (Fig. 7(c)) instead of the processed image where the edge
information is significant more (Figure3.15(d)).

(a) (b)

(c) (d)

Figure 3.15: Effect of the Sobel edge detection (threshold=0.02) on the processed image. (a)
Original image, (b) CLAHE enhanced image, (c) Edge detection on the original image and (d)
Edge detection on the enhanced image.

Dataset2.1 - LTU fountain

To evaluate the performance of the proposed method in a real-life autonomous inspection task,
an outdoors experiment was conducted. For this purpose the Luleå University’s campus foun-
tain has been selected to represent the actual infrastructure for the cooperative aerial inspec-
tion. Since in the outdoor experiments, motion capturing systems are rarely available, in order
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to achieve a full autonomous flight, the localization of the UAV relied only on the onboard
sensory system. Thus, the UAVs followed the assigned paths with a complete onboard compu-
tation based on Visual-Inertial odometry localization. For the reconstruction, the image streams
from both aerial agents were combined and processed by the SfM algorithm 10. The fountain
and its sparse 3D model are presented in Figure 3.16.

Figure 3.16: On the left is the Luleå University outdoor fountain, and, on the right, the cooper-
ative pointcloud of the structure with estimated flight trajectories.

Dataset2.2 - WindTurbine

The proposed methodology has been applied also in the case of large scale industrial facilities.
The system is realized by either a single agent or a team of agents and is demonstrated in real
life by inspecting a wind turbine power plant, where the aim of the system is to provide visual
data to infrastructure owners for further analysis and asset management.

During the navigation of the MAVs around the structure, the raw visual stream is directly
available for defect assessment. Finally, the data collected during the navigation mission is
down sampled, since they contain redundant information from all the camera frames and there
is a need to keep the resulting outcome within a reasonable time. For the specific case of
wind turbines the 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 MAV. A common characteristic for both of the cases is that the generated path for each
MAV keeps a constant safety distance from the structure, while at the same time 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.

10https://colmap.github.io/
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Tower coverage

In the specific case of the wind turbine base and tower coverage, the generated paths are of a cir-
cular shape, as depicted in Figure 3.17, which is the result of the constant safety distance from
the structure based on the C-CCP algorithm. From the depicted reconstruction in Figure 3.17,
it is possible to identify that the base of the wind turbine, which is feature rich, provides a
good reconstruction result, while as the MAV continues to higher altitudes, the turbine tower
loses texture due to its flat white color, causing the reconstruction algorithms to not provide a
successful reconstruction. However, the visual camera streams do have position and orienta-
tion for every frame, as depicted in Figure 3.17 for some instances, which allows for a trained
inspector to review the footage and be able to determine if there are spots which need extra in-
spection or repairs. For the reconstruction in Figure 3.17, the [207] and [208] algorithms 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.

3.2.5 Final Remarks & Future Directions
Tunneling infrastructure has seen great expansion the last decades, since they offer a more effi-
cient use of the limited surface space. Tunnels are regularly found in mining and transportation
industries and should be frequently inspected to prevent accidents from the degrading status
of the structure as well as extending the lifetime. Traditionally, the inspection has been con-
ducted from experts through manual visual inspection and sensor installation on the spot that
requires human presence in such areas, constituting apart from cost-hungry a sometimes dan-
gerous operation to be performed. Since, worldwide tunneling pipelines are massively used it
becomes a necessity to improve and automate this inspection process which results in great so-
cial, economic impact. Photogrammetry algorithms can replace the manual inspection, while
robots can be deployed for autonomously collecting the datasets. Nowadays, the use of pho-
togrammetry has not been fully exploited in this field due to issues with low texture and low
illumination issues. Further research effort should be directed towards deep learning and multi
modal sensor fusion techniques to improve feature extraction, recognition and fault identifica-
tion. Moreover aerial robots make a strong match for being operated in tunnel environments,
since they have the capability to carry multiple sensors and autonomously navigate to collect
the required inspection data.

From the presented results it is evident that there is room for further developments in in-
tegrating low-level image enhancing algorithms in aerial robotics. More specifically, since in
real applications it is hard to capture ground truth data, there is a need to propose new metrics
that capture the performance of the methods within the desired application scenarios. The use
of low light image enhancement algorithms should be task oriented, where different algorithms
could fit better in different applications. Few application scenarios that are currently pursued
include enhanced visual feedback to the operator, 3D reconstruction, object detection in dark
environments, visual place recognition for navigation tasks, as well as general vision based
navigation and planning tasks. A major parameter that affects the performance of the methods
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Figure 3.17: 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
sample camera frames of the base and tower to be used by the inspector.
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is the geometry of the tunnels. In the case of narrow tunnels the illumination is spread in the
local vicinity (walls, floor and ceiling) of the platform, assisting the usage of the methods. On
the contrary, wide tunnels are more challenging since usually, the onboard illumination is ab-
sorbed from the void in the front of the aerial vehicle and the local vicinity of the platform is
weakly illuminated. In this work the methods have been applied in the most challenging case
of wide tunnels.
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CHAPTER 4

Open Space oriented MAV
navigation and control

The mining industry has recently shown interest in the incorporation of MAVs in their pro-
cess, as an assistance tool to boost production and secure a safer working place in underground
challenging conditions. The potential benefits of deploying aerial platforms underground in-
clude access to unreachable and dangerous locations and monitoring personnel in unsafe ar-
eas. These attributes will have imminent impact on the mine operation, production and safety.
So far there have been developed multiple systems, limited to remotely operate in open pit
mines above ground and assist in stockpile surveying, 3D pit model build, facility monitoring,
security inspection and environmental assessment of the mine sites. The effort to introduce
aerial robotic platform underground, needs to address multiple challenges before reaching an
increased technology readiness level for semi/full autonomous operation. Briefly, harsh un-
derground environment pose obstacles for flying MAVs, like the narrow passages, reduced
visibility due to rock falls, dust, wind gusts and lack of proper illumination, all of which con-
stitute necessary the development of elaborate control, navigation, and perception modules for
these vehicles.

Inspired by the vision of underground aerial robotic platforms, this part of the thesis tries
to push the current state of the art a step further and contribute in the related field. More specif-
ically, it provides a detailed and thorough discussion on the potential application scenarios for
MAVs in underground mines, identifying the major challenges that need to be addressed prior
to actual experimentation. This discussion considers the development of a knowledge basis
on this field, to provide an insight on the required mine tasks driven by the mining companies
needs, as an enabler for further research directions towards the vision of MAVs in mines. Addi-
tionally, as mentioned above, autonomous aerial platforms apart from sensing capabilities rely
also in advanced navigation algorithms. Additionally, this work proposes the development of a
local based path planning scheme to enable the obstacle avoidance capabilities of multirotors
while flying in a tunnel or vertical shafts. It provides an efficient navigation sense-and-avoid
system based on ultrasound sensory system, to securely drive the multirotors around in chal-
lenging mine areas, avoiding obstacles in their way. The proposed local trajectory re-planner is
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based on Potential Fields, applied for the case of 3D navigation in such a way as to avoid local
minima. Finally, the last part of this Section tackles the problem of autonomous navigation of
low-cost aerial robots, referred with the term "aerial scouts". Aerial scouts can be defined as
consumable vehicles with the main mission to explore high risk areas, collect sensor data (e.g.
laser measurements, thermal, visual, gas, etc) for the operators to safely assess the status of
the infrastructure. The baseline capability of these platforms is to navigate along a tunnel-like
environments while returning close to their takeoff position. The proposed architecture couples
a NMPC with a visual processing scheme in the local frame of the robot for maintaining proper
obstacle free direction along the tunnel axis, following the open space area after either visual
or range measurement processing. Figure 4.1 depicts a concept of the envisioned navigation
capability of the aerial scout.

Figure 4.1: Top-view concept image of a mine tunnel with a MAV, which shows the necessity
of heading correction in autonomous navigation. Body frame xb and yb are shown by red and
green arrows respectively, while it is assumed that the heading of the MAV is towards the
x-axis.

4.1 Application Scenarios for MAVs in Underground Mines
There is an emerging effort from mining companies, currently, to test, evaluate and define
possible application scenarios for MAVs towards the future mine. This process requires the
combination of the multirotor capabilities with the mine operation needs. Within this work
some scenarios are defined for flying vehicles. More specifically, the main objectives for the
autonomous/semi-autonomous robotic platforms for surveillance activities include:

• Inspection of shafts for determining their status, where the full suite of sensor can be
utilized for generating 3D maps and differences in an area over the entire length of the
shaft, while the onboard control systems will assist the pilot by collision avoidance, or
will put the system in full autonomous mode for automatic inspections.

• Inspection of hazardous areas while also generating maps or other valuable metrics that
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Figure 4.2: Snapshots of a typical mine environment.

the onboard sensor systems can measure, such as gas sensors, dust sensors, and video
streams to name a few.

• Inspection of large voids after blasting, where visual navigation systems together with
other sensors can be used to either map out the void or provide valuable metrics, such as
volume of the void or proximity to other active mining areas or personnel.

The application of MAVs in mining inspection is one of the most enabling factors towards
the vision of Zero Production Areas (ZEPA) [215]. As it has been massively investigated lately
there is a huge potential for this technology to create a safer working environment in the mines,
while at the same time increase the production and reduce the overall operating cost as well
as the response of the machines to ad-hoc defined scenarios (always based on the productions
needs).

4.1.1 Challenges
The main challenge within this scenario is the mine environment itself, mainly due the possible
narrow operational areas, the uneven surfaces and the dusty environments. Since narrow areas
and uneven surfaces can be addressed by software development, the biggest challenge would
be the dust clouds covering sensors and filling in the mechanical components of the MAV.
Figure 4.2 depicts the mine typical underground tunnel. The major identified challenges when
operating MAVs underground are listed below:

Wind Gusts: The MAV will operate in an environment with sudden and relatively powerful
wind gusts. Wind gusts can occur both in ventilation shafts as well as in ore passes. The wind
gusts have a significant effect on the online execution of the path following and thus the better
the control scheme is, the better the path following will be.

Dust: Dust is commonly found in iron ore mine areas and in general pose serious problems,
especially when it can be produced by the downwash from the propellers. Dust blocks the
camera field of view deteriorating its performance causing inaccurate results. Additionally
magnetic dust can damage the electronic hardware and therefore specific solutions to shield
and protect the hardware parts are essential for long term operations. Furthermore, the dust
particles may be considered as obstacle and result in failure of the collision avoidance methods.

Limited Flight Time Generally, the problem of limited flight time [216] for a MAV can be
addressed with various strategies that fulfill the task requirements. Firstly, multiple MAV can
be employed to share responsibilities and areas of coverage in a way to cooperatively explore
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and inspect areas like shafts, large voids and tunnels decreasing the inspection time. Another
approach can be the deployment of portable charging stations were the aerial platforms will
return when they have low battery levels to charge and continue their task or have a robust
battery replacement system, where the operator can simply remove the old batteries and insert
new ones.

Illumination: Visual sensors require a substantial amount of light in the environment in
order to provide accurate results. Thereafter, specific lightening strategies should be followed
to guarantee proper ambient lighting without affecting the way cameras perceive the environ-
ment. The limited lightning in mines can be tackled by equipping the MAVs with additional
LED lights that can provide substantial ambient lighting in the underground areas. Another
approach could be to assign aerial teams to carry and place portable light projectors that can
light the mine areas. However it is important that these illumination schemes are robust to
dust, impacts, and other hazards of the mine to provide the desired results. Additionally, other
solutions could be the use of infrared cameras or thermal imaging cameras for inspecting the
mines.

Narrow passages: The diameter of the ore pass can narrow down in extreme cases. The
challenge in this case is when such a passage is far away from the position of the pilot. For
dealing with this challenge, each platform will be equipped with range measurement sensors
and will run on board elaborate collision avoidance schemes to plan and follow safe trajectories
avoiding imminent crashes with narrow passages. This will be of paramount importance, as the
operator should not be hindered by operational limits, which are not mission critical. Moreover
the collision avoidance system needs to be robust to: 1) loss of sensors, 2) dust gathered on the
sensors, and 3) sensor outliers. This is a significant challenge, as sensor status and condition
monitoring schemes will need to be developed focusing on prediction sensor failures, while
simultaneously be able to warn the control system if a sensor failure is imminent to be able to
return to the starting position or take other safety measures.

Path planning: When the operator does not have line of sight to the MAV, or the mission
requires autonomous navigation, a path planner will generate the waypoints and the trajectories
that will navigate the MAV to the desired positions. A path planner should guide a MAV
through a harsh environment in a mine and guarantee collision avoidance between the agents
and the environment, while be computed efficiently. The path planner should also work in
cooperation with the collision avoidance system to detect new obstacles and plan accordingly
when the path is obstructed.

4.2 Local Obstacle Avoidance Scheme
The path planner’s objective is to generate velocity commands in order to avoid collision, while
moving towards the destination. A block diagram of the proposed path planner and the corre-
sponding controller is shown in Figure 4.3. The path planner will generate a velocity ~vPF for
the MAV. Then the resulting velocities are converted into position-velocity-yaw trajectories,
which can be directly provided to the high level trajectory tracking controller.

A Potential Field Controller (PFC) is implemented for the case of a MAV to avoid any
obstacles in its path. Ps = (xs,ys,zs) and Pd = (xd,yd,zd) are the current position and the
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Figure 4.3: Proposed local avoidance structure.

destination position of the aerial platform. The relative distance vector between the agent and
the destination is:

Psd = [xsd,ysd,zsd]
T = [xs,ys,zs]

T − [xd,yd,zd]
T (4.1)

The potential force is defined in x, y and z spatial dimensions and presented as follow:

Uatt(Ps,Pd) =
1
2

β ||Psd||2, (4.2)

where β is a positive scale factor and ||Psd|| is the magnitude of the relative distance between
the current position of the agent and the destination. The direction and magnitude of the desired
movement is computed by calculating the negative gradient of the potential field as follows:

~vatt(Ps,Pd) =−∇Uatt(Ps,Pd) =−β (Ps−Pd) (4.3)

where vi,att is the desired velocity due to the attractive potential field. The repulsive potential is
proportional to the inverse square of the distance between the agent and the obstacle (Po) and
is obtained from following equation:

Urep(Ps,Po) =
1
2

η
1

||Pso||2
, (4.4)

where η is a positive scalar factor and ||Pso|| is the magnitude of the relative distance between
the agent and the obstacle. The desired repulsive velocity is obtained as it follows:

~vrep(Ps,Po) =−∇Urep(Ps,Po) = η
Pso

||Pso||4
(4.5)

The repulsive force should be zero when the agent has enough safety distance to the obstacle
thus:

~vrep(Ps,Po) =

{
η

Pso
||Pso||4

if||d||< dS

0 else
(4.6)

where d is the distance between the agent and the obstacle and dS is the safety distance. A
potential field controller is the sum of the attraction and repulsive velocities and can be obtained
as it follows:

~vPF(Ps,Pd ,Po) =

{
−β (Ps−Pd)+∑

no
j=0 η

Pj,so
||Pj,so||4 if ||d||< dS

−β (Ps−Pd) else
(4.7)
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where no is the number of obstacles. It should be noted that the inspected structure and the
position of other agents can be considered as obstacles in the potential force. Moreover, the
vi,PF(ps, pd,Po) should be bounded based on the dynamics of the vehicle.

~vPF(Ps,Pd ,Po)
min < ~vPF(Ps,Pd ,Po)< ~vPF(Ps,Pd ,Po)

max (4.8)

The proposed method has been evaluated in the simulation environment Gazebo along with
the ROS framework, where the developed components in the presented simulation results are
directly applicable to their real world counterparts. The platform considered in the presented
simulations is the Ascending Technologies Firefly hexacopter. Additionally, a minimal sonar-
based sensor array, including 8 sonar sensors, is considered in this setup as the main feedback
sensor. The ultrasonic array sensor is used for controlling the range measurements from the
surrounding obstacles.

4.3 Subterranean Aerial Scout Framework
This work presents the baseline system for a low cost and resource-constrained aerial scout to
experimentally establish autonomous navigation in underground mines. To this end, the pro-
posed architecture addresses the problems of control, heading estimation, obstacle avoidance,
and perception in a minimalist way, combining both novel and well established components
that contribute to this goal.

Based on the aforementioned state of the art, the major contribution of this work stems from
the establishment of an aerial scout robot, capable to navigate along tunnels, leveraging sensor
data for keeping the proper heading direction along the tunnel, following open spaces identified
through single-image depth processing, CNN methodology or laser scan measurements.

The core part to enable autonomous navigation is considered to be the state estimation,
which provides information of the local “positioning” of the MAV, e.g. position, orientation,
velocities, etc. Due to limitations posed from both the mine environment and the platform,
separate sensors have been assigned to specific states: 1) attitude [φ ,θ ]> obtained from the
on-board IMU, 2) linear velocities [vx,vy]

> from optical flow, and 3) height pz estimation
from one beam lidar. This architecture is characterized by low computational power saving
computational resources for other components. Once state information is available, navigation
and control components use it to generate and execute the navigation commands respectively.
The main challenge in the navigation commands is to extract proper heading to follow an
obstacle free path along the tunnels. The heading commands are generated either from a vector
geometry method based on 2D lidar for finding open spaces or a Convolutional Neural Network
(CNN) approach that classifies images from a looking forward camera and finds the center axis
of the tunnel or from single image pseudo-depth calculation. The controller has been designed
to consider the MAV as a floating object on x and y axes, mainly selected to remove high
dependencies on accurate localization schemes, while the platform is still able to perform the
desired exploration task. An overview of the proposed concept for navigation is shown in
Figure 4.4.

The navigation component incorporates a modifield potential field approach working on
the velocity domain rather than positions, presented in Section 4.2, acting as a fail-safe system
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Figure 4.4: Tunnel views showing the MAV following the tunnel axis and a corresponding
altitude descend, where a) depicts xy view of the tunnel axis and b) depicts xz view of the
tunnel altitude descend.

that is always enabled when any of the other methods fail. The overall, system diagram is
presented in Figure 4.5.

Figure 4.5: Overall proposed architecture for navigating in the mine

Initially, in the proposed architecture the platform is treated as a free-flying object following
velocity, rather than precise position references on x and y axes, under the policy that velocity
estimation can recover faster than position drift in degenerated environments, since reliable
localization is still a major issue. Moreover, the control design incorporates a perception state
in the MAV dynamics which is coupled with the yawrate control input. Thus allowing for a
vision-driven direction control of the platform, since "where to look" is another major issue.
Additionally, the fundamental component of the visual processing is the extraction of the free
space in the tunnel, which is expressed through a 2D centroid in either a monocular image or
an RGB-D depth image. The proposed control scheme can be directly deployed on a quadrotor
with a camera and without requiring precise or even rough models of the surrounding areas or
large training datasets.

The world frame W is fixed with the unit vectors {xW ,yW ,zW} following the North-West-
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Up (NWU) frame convention. The body frame of the aerial vehicle B is attached on its base
with the unit vectors {xB,yB,zB}. The zB is antiparallel to the gravity vector, xB is looking
forward the platform’s base and yB is in the NWU convention. The onboard camera frame C
has unit vectors {xC,yC,zC}. Furthermore, yC is parallel to the gravity vector and zC points in
front of the camera. Finally, the image plane is defined as I with unit vectors [xI,yI]. Figure 4.6
depicts the utilized main coordinate frames of the aerial platform.
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Figure 4.6: Coordinate frames, where W , B, C and I denote world, body and camera and image
coordinate frames respectively.

4.3.1 MAV Dynamics
The quadrotor model derived in [217] is used, providing roll φcmd , pitch θcmd ∈ [−π/2,π/2]
and thrust Tcmd ∈ R+ commands, that are later handled by a low-level controller mounted
onboard the aerial vehicle. Equations (4.9) and (4.10) summarize the quadrotor model.

ṗz = vB
z (4.9)

v̇B
x

v̇B
y

v̇B
z

= R(θ ,φ)

 0
0
Td

+

 0
0
−g

−
Ax 0 0

0 Ay 0
0 0 Az

vB
x

vB
y

vB
z

 (4.10a)

φ̇ =
1
τφ

(Kφ φcmd−φ) (4.10b)

θ̇ =
1
τθ

(Kθ θcmd−θ) (4.10c)

Where pz is the relative distance of the platform with the ground vB = [vB
x ,v

B
y ,v

B
z ]
> ∈ R3

represents the linear velocities on each axis, φ , θ ∈ R are roll and pitch, R ∈ SO(3) is the
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rotation matrix without a rotation around the z-axis, since the coordinates are in the body
frame, Td ∈ R is the mass normalized thrust, g is the gravitational acceleration, Ax, Ay, and
Az are the normalized mass drag coefficients, τφ and τθ are the time constants, and Kφ , Kθ

are the roll and pitch angle gains, and finally φcmd , θcmd are the reference values of the roll
and pitch angle for the low level controller. In this model, the drag force is expressed with
the diagonal matrix, which associates the linear velocities with the force affecting the robot
motion. Following the work presented in [218], the model incorporates the mass normalized
thrust Td that is converted to Tcmd using the derived adaptive acceleration control scheme. In
this way, the controller is able to adapt to changes regarding the payload, the motor thrust and
the thrust loss from the battery depletion over time.

4.3.2 Image Dynamics

Image Based Visual Servoing (IBVS)

The visual processing part of the proposed control scheme operates in the 2D image plane, as
discussed in Section 4.3.5, without any available metric in the 3D world frame. To follow
the desired target in the image plane the coupling between the camera motion, attached on the
MAV, and the target movement in the image plane should be studied. Therefore, for deriving
proper control actions, the image dynamics should be coupled with the MAV’s control input
and/or states.

A 3D point PW = [XW
P ,YW

P ,ZW
P ]> ∈ R3 fixed in the world W is expressed in the camera

frame PC = [XC
P ,Y

C
P ,ZC

P ]
> ∈ R3, using the homogeneous transformation T: R4→ R4 through

matrices T B
W and TC

B ∈ R4×4. The point is projected into the image plane I using a pinhole
camera model [209] and the perspective projection equation. The projection function Π: R3→
R2 results in the 2D point pC = [up,vp] ∈ R2 can be expressed as it follows:

up = fx
XC

P

ZC
P
, vp = fy

YC
P

ZC
P

(4.11)

where up, vp ∈R are the horizontal and vertical pixel coordinates and fx, fy ∈R are the camera
focal length for the pixel columns and rows respectively. up and vp are then discretized and
quantized into pixel coordinates uI , vI ∈ N. The normalized pixel coordinates sx and sy ∈ R
can be defined as:

sx = (uI−ox)/ fx, sy = (vI−oy)/ fy, (4.12)

where ox ∈ N and oy ∈ N are the principal points in pixels.
Following the IBVS theory [219], calculating the derivative of (4.11) over time provides

the matrix that connects the time derivative of a 2D point in the image plane with the rates of
the camera in the 3D plane. More specifically, (4.13) describes the desired relation in the 2D
target motion and the 3D camera motion, with the assumption that the target is static.[

ṡx
ṡy

]
= L

[
vC

x vC
y vC

z ωC
x ωC

y ωC
z
]> (4.13)
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where vC = [vC
x ,v

C
y ,v

C
z ]
> ∈ R3 and ωC = [ωC

x ,ω
C
y ,ω

C
z ]
> ∈ R3 represent the linear and angular

velocities in frame C, while the L∈R2×6 matrix that describes the coupling is called Interaction
matrix and is defined as:

L =

[
− 1

d(uI ,vI )
0 sx

d(uI ,vI )
sxsy −1−s2

x sy

0 − 1
d(uI ,vI )

sy
d(uI ,vI )

1+s2
y sxsy −sx

]
(4.14)

where d(uI,vI) = ZC
P and d()̇ represents the depth map of the image I(uI,vI),∀uI ∈ columns

and vI ∈ rows. The interaction matrix L includes the depth ZC
P , information that is lost when

working in the 2D image plane. The 2D processing extracts the dark area, which is assumed to
lie in front of the aerial vehicle in a close range. Making this assumption, the system considers
the depth measurement as known and fixed.

Perception States

The starting point to introduce the perception states in the dynamic model of the MAV and
couple them with the control input and the corresponding state is presented in (4.13). Generally,
the aim is to simplify the interaction matrix, keeping the camera motions that have the major
impact in the image dynamics. The rate of change of sx is mainly affected when the camera
is undergoing a yaw motion ωy and a lateral velocity vx. Similarly, the rate of change of sy is
mainly affected when the camera is undergoing a vertical velocity vy and a pitch rate ωx. In
both cases the other camera motions have negligible affect on the rate of change of the target
position in the image plane. Thus, the simplified image dynamics can be summarized as it
follows:

[
ṡx
ṡy

]
=

[
− 1

d(uI ,vI)
0 0 −1− s

2

x

0 − 1
d(uI ,vI)

1+ s
2

x 0

]
vC

x
vC

y
ωC

x
ωC

y


In the case where sx is closer to the center of the image, ωC

y has a greater impact in the
rate of change, when compared to the lateral velocity vC

x of the camera and therefore vx can be
ignored. Similarly, for an aerial vehicle, the θ B is commanded to zero and as a consequence
the θ̇ B will be close to zero as well, thus having a negligible effect in the sy rate of change. To
this end, the vertical velocity vy has the main impact in the target motion in the image plane.
Equations (4.15) and (4.16) express the simplified image dynamics that consist the perception
state.

ṡx = (1+ s2
x)(ψ̇cmd) (4.15)

ṡy =
1

d(uI,vI)
vB

z (4.16)

As previously discussed, the depth ZC
P has been assumed known and in the system it has been

set at 3m distance from the MAV. It is also evident that the sx is directly coupled with the con-
trol input command ψ̇cmd , while sy is coupled with the vehicle’s state vz. Finally, using (4.15)
and (4.16), the perception state vector S = [sx,sy] ∈ R2 is defined.
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4.3.3 NMPC Control Frameworks
In this work three NMPC based high level control frameworks are proposed. Figure 4.7 depicts
the overall structure.

Figure 4.7: Control scheme of the proposed navigation module with potential field for desired
velocities generation, while the heading commands can be provided either from the CNN or
the vector geometry approaches. 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 single beam lidar.

Perception enabled NMPC Frameworks

Framework A In this case, the NMPC considers the non-linear dynamic model of the plat-
form, which is derived by (4.9), (4.10) and (4.15). The state of the system is defined as
xB(t) = [pz,vB

x ,v
B
y ,v

B
z ,φ ,θ ] ∈ R6, where x̂B is the estimated state obtained from the onboard

sensor measurements. Moreover, the perception state vector S(t) = [sx] includes the visual
state of the centroid, where Ŝ is the estimated state and the values ŝx is provided from the visual
processing unit discussed in Section 4.3.5.

Framework B This formulation considers the non-linear dynamic model of the platform,
which is derived by (4.10), (4.15), and (4.16). The state of the system is defined as xB(t) =
[vB

x ,v
B
y ,v

B
z ,φ ,θ ] ∈ R5, while x̂B is the estimated state obtained from the onboard sensor mea-

surements. More specifically, the linear velocities [v̂B
x , v̂B

y , v̂B
z ] are provided from the ground

truth simulation environment, while the roll φ̂ and pitch θ̂ states are provided from the on-
board IMU. In this case the perception state vector is defined as S(t) = [sx,sy] includes the
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visual states on the centroid, where Ŝ is the estimated state and the values ŝx and ŝy are pro-
vided from the visual processing unit discussed in Section 4.3.5.

In both approaches the NMPC objective is to generate u = [φcmd,θcmd, ψ̇cmd,Tcmd] to keep
the centroid in the center of the image and by doing this, the MAV navigates along the tunnel,
while following the tunnel’s altitude changes. Based on the obtained commands u, the low-
level controller generates motor commands for the MAV.

The continuous-time dynamics can be discretized [220] (e.g. using an explicit Runge-Kutta
method) leading to the overall discrete-time dynamical system of the form in (4.17). Moreover,
xB

k+ j|k, uk+ j|k and Sk+ j|k are the vehicle’s state, control action and perception state ahead of k+ j
steps form the current time k denoted as:

xB
k+1 = f (xB

k ,uk), Sk+1 = g(vB
z,k,Sk, ψ̇k) (4.17)

For the proposed NMPC, the following finite horizon stage cost function is defined l : Rnx ×
RnS×Rnu → R+ and the terminal cost function l f : Rnx×RnS → R+.

l(xB,S,u) =∥∥xB− xB
re f

∥∥2
QxB︸ ︷︷ ︸

tracking vehicle states

+
∥∥S−Sre f

∥∥2
QS︸ ︷︷ ︸

tracking the centroid

+
∥∥u−ure f

∥∥2
R︸ ︷︷ ︸

hovering term

l f
(
xB,S

)
=

∥∥xB− xB
re f

∥∥2
QxB

f︸ ︷︷ ︸
tracking vehicle states

+
∥∥S−Sre f

∥∥2
QS

f︸ ︷︷ ︸
tracking the centroid

The cost function of the optimization involves four terms. The first term tracks the vehicle’s
states towards the desired velocities and attitudes, the second term is minimizing the position
of the centroid, the third term is the hovering term, where ure f is [g, 0, 0]> that is the hover
trust with horizontal angles, and the forth term is the terminal cost. Additionally, QxB ∈Rnx×nx

is the weight matrix for the MAV’s states, QS ∈ RnS×nS is the weight matrix for the perception
states, R ∈ Rnu×nu is the weight matrix for the control input, QxB

f ∈ Rnx×nx is the terminal cost
and QS

f ∈ RnS×nS is the terminal cost for the perception part, while each term value reflects
the relative importance of the term in the objective function. Now, the NMPC scheme can be
formulated in the following equation for the problem of navigation in unknown subterranean
tunnels:
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min
{uk+ j|k}N−1

j=0

l fN

(
xB

k+N|k,Sk+N|k

)

+
N−1

∑
j=0

lk+ j|k

(
xB

k+ j|k,Sk+ j|k,uk+ j|k

)
s.t.

xB
k+ j+1|k = f (xB

k+ j|k,uk+ j|k), j ∈ N[0,N−1]

Sk+ j+1|k = g(vB
z,k+ j|k,Sk+ j|k, ψ̇k+ j|k), j ∈ N[0,N−1]

uk+ j|k ∈ [umin,umax], j ∈ N[0,N−1]

xB
k|k = x̂B

k

Sk|k = Ŝk

(4.18)

where N ∈ N is the control horizon, umin and umax are bounds on control actions. At every
time instant k, a finite-horizon optimal problem is solved with a user defined interval, while a
corresponding optimal sequence of control actions u?k|k, . . . u?k+N−1|k are generated, where the
first control action u?B

k|k is applied to the low-level controller. In the next sample time instant,
the optimization solves the same problem by using the solution in the previous interval as
the initial guess and the updated information on current states value. More information of
the structure and implementation of the Proximal Averaged Newton-type method for Optimal
Control (PANOC) controller can be found in [221].

NMPC Framework C

The NMPC objective is to generate attitude φcmd,θcmd and thrust commands Tcmd for the low-
level controller u = [Tcmd, φcmd, θcmd]

>, while the reference velocities [vB
x,d,v

B
x,d]
> are provided

from the navigation module, the constant altitude pz,d and vB
z,d = 0 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 MAV.

While considering the non-linear dynamics of the MAV (4.10), the state of the system is
xB(t) = [pz,vB

x ,v
B
y ,v

B
z ,φ ,θ ] ∈ R6, x̂B = [p̂z, v̂B

x , v̂B
y , v̂B

z , φ̂ , θ̂ ]
> is the estimated state and f is a

discretization of (4.10) similar to the previous approaches.

Moreover, pz,k+ j|k, Vk+ j|k, and uk+ j|k are the altitude, velocities and control action ahead
of k+ j steps from the current time k. For the proposed NMPC, the following finite horizon
cost function is introduced.
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J =
N−1

∑
j=0

(
pz,k+ j|k− pz,k+ j|re f

)>
Qz

(
pz,k+ j|k− pz,k+ j|re f

)
︸ ︷︷ ︸

tracking the altitude

(4.19a)

+
(
Vk+ j|k−Vk+ j|re f

)>QV
(
Vk+ j|k−Vk+ j|re f

)︸ ︷︷ ︸
tracking velocity commands

(4.19b)

+

(
φk+ j|k−φk+ j|re f

)>Qφ

(
φk+ j|k−φk+ j|re f

)
+(

θk+ j|k−θk+ j|re f
)>Qθ

(
θk+ j|k−θk+ j|re f

)︸ ︷︷ ︸
tracking the attitude

(4.19c)

+
(
uk+ j|k−ure f

)>Qu
(
uk+ j|k−ure f

)︸ ︷︷ ︸
hovering term

(4.19d)

The cost function of the optimization problem involves three terms, the first term minimizes
the error between the estimated altitude p̂z and desired altitude pz,d . This term is responsible
to keep the constant altitude of the MAV. The second term tracks the velocity profile. In the
proposed method, the potential fields provides a reference value for the velocities to align in the
x and y-axes as [vd,x,vd,y]

> for avoiding collision to the obstacles, while the vd,z is zero based
on the constant altitude of the flight. The third term tracks the desired attitude commands of the
controller as from (4.10) the attitude control system is modeled by simple first-order dynamics
with time constants τθ , τφ and gains of Kφ , Kθ . Thus, the φd , θd are the desired attitudes and
φ , θ are states of the system and the NMPC accounts for the time constants of the attitude
terms. The forth term is the hovering term where ure f is [g, 0, 0]>, which is the hover thrust
with horizontal angles. Additionally, Qz ∈ R1×1, QV ∈ R3×3, Qφ ∈ R1×1, Qθ ∈ R1×1, and
Qu ∈ R3×3 are the weights for each term of the objective function, which reflects the relative
importance of each term.

The following optimization problem is defined:

minimize
{uk+ j|k}N−1

j=0

J (4.20a)

s.t.

Xk+ j+1|k = f (Xk+ j|k,uk+ j|k), for j ∈ N[0,N−1] (4.20b)

uk+ j|k ∈ [umin,umax], for j ∈ N[0,N−1] (4.20c)

Xk|k = X̂k (4.20d)

At every time instant k, a finite-horizon optimal path with prediction horizon N is solved
and a corresponding optimal sequence of control actions u?k|k, . . . , u?k+N−1|k is generated. The
first control action u?k|k is applied to the flight controller by a zero-order hold element, which
is, u(t) = u?k|k for t ∈ [kTs,(k+1)Ts], where Ts is the sampling time.
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4.3.4 State Estimation
Successful autonomous navigation of MAVs requires the combination of accuracy and low la-
tency in the state estimation. Generally, for localization purposes different sensor suites are
used. The most common sensors are a combination of GPS with IMU units, however under-
ground mines are GPS-denied environments. Moreover, motion capture systems provide local-
ization with high precision and high sampling rate in GPS-denied areas, nonetheless these sys-
tems require multiple cameras in fixed positions to be installed 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 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 case of low-illumination environment. Addition-
ally, due to payload and power constraints of MAVs, these algorithms should perform under
computational limitations of embedded hardware [222].

The autonomous MAV is considered a floating object that explores 3D space. The measure-
ment updates of the state vector X = [pz,vx,vy,vz, φ ,θ ]> is accomplished assigning sensors to
specific states. The altitude state pz is provided from a downward pointing single beam lidar,
while the linear velocity vz is estimated from pz using Kalman Filtering [223]. Moreover, φ

and θ are provided from the flight controller through the filtering of IMU measurements from
an EKF. Finally, the states vx and vy are calculated from a down-ward optical-flow sensor.
The optical flow sensor is equipped with additional illumination source to avoid drifts in the
measurements, while providing high update rates. To robustify the performance of the state es-
timation, the optical flow has been calibrated at a specific height and the MAV is commanded
to fly at fixed altitude. More details about the software and hardware of the employed optical-
flow [224]. The optical flow based velocity estimation and EKF are shown as state estimator
block in Figure 4.7.

4.3.5 Navigation and Collision Avoidance
For collision free navigation of the MAV, the platform should be able to follow obstacle free
paths to complete the assigned task, identifying the direction that it should move in such con-
strained and unknown environments. The core issue that should be addressed refers to heading
command generation for the MAV. This section describes two different methods that provide
heading commands to the aerial platform 1) geometry approach using lidar measurements and
2) Deep Learning (DL) approach using camera stream, both trying to steer the platform to move
forward into the open areas. Moreover, on top of these methods a potential field approach is
always running in the background as a fail-safe system to avoid collisions.

Singe Image Depth Estimation

In the proposed approach the characterization of the open space along the tunnel is expressed
in the centroid position in the image plane and is based on: a) depth map estimation, b) image
binarization, and c) centroid calculation, while Figure 4.8 depicts the proposed approach.
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Figure 4.8: An overview of the proposed approach.

For the proposed depth estimation scheme the starting point is the light scattering [225]
method, a well known process where the light is deflected to other directions and the formation
of an image can be defined as follows:

I(u,v) = O(u,v) · tr(u,v)+a[1− tr(u,v)] (4.21)

where I : [0...M−1]× [0...N−1]→N2 is the observed image, O : [0...M−1]× [0...N−1]→N2

is the original image, a is the color of the atmospheric light, tr(u,v) is the transmission term,
(u,v) are the pixel coordinates where u = 0, ...,M−1 and v = 0, ...,N−1 with M the width and
N the height of the image. The first term O(u,v) · tr(u,v) is called direct attenuation [226] and
the second term a[1− tr(u)] is called airlight. The transmission term describes the portion of
the light that is not scattered and reaches the camera and could be defined as:

tr(u,v) = e−βd(u,v) (4.22)

where β is the scattering coefficient of the atmosphere and d(u,v) is the depth of the scene
for pixel coordinates (u,v). Although (4.22) can be utilized for the estimation of a depth map
from the original image, for the estimation of the terms tr(u,v) the a is required. A widely
used method to extract the transmission map is the DCP method, proposed by [227], in order
to estimate the depth map of an image, which can be defined as:

tr(u,v) = 1−ω

[Idark(u,v)
a

]
, Idark(u,v) = min

C∈R,G,B
[ min
z∈Ω(u,v)

Ic(z)] (4.23)

where ω is a number controlling the desired level of restoration with 1 the highest possible
value, Idark(u,v) is the dark channel, Ω(u,v) is a patch of 15×15 pixels centered on (u,v), IC

is the color channel of the image I and z represents the index of the pixel of Ω(u,v).

Open Area Centroid Extraction

As mentioned before, d(u,v) represents the depth estimation of the captured scene, without
providing metric measurements, but rather a normalized representation. Since in this work
metric depth information is not required, a refinement procedure is performed on the d(u,v)
to smooth the image using a grey scale morphological operation [228]. More specifically, the
algorithm employs a morphological closing γ(d) defined in Equation 4.25, including dilation δ

(Equation 4.24) followed by erosion ε (Equation 4.24) operations with an elliptical structuring
element S. The structuring element is passed over the whole image d(u,v) and at each spatial
position (u,v), the relationship between the element and the image is analyzed. For an image I
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and a structuring element S the erosion and dilation operations are defined as follows:

ε(I) := I(u,v)	S(u,v) = min
ū,v̄∈S
{I(u− ū,v− v̄)−S(u− ū,v− v̄)

δ (I) := I(u,v)⊕S(u,v) = max
ū,v̄∈S
{I(u− ū,v− v̄)+S(u− ū,v− v̄)}

(4.24)

where ū, v̄ are set by the size of the structuring element. Overall, the morphological closing tries
to brighten small, dark areas to match the values of their neighbours in the image, producing
the smoothed image γ : [0...M−1]× [0...N−1]→ N2.

γ(d) = ε(δ (d)) (4.25)

Afterwards γ is processed through a segmentation method to divide into a discrete number
of regions that include pixels with high similarities. In the proposed approach, the compu-
tationally efficient k-means [229] clustering algorithm is employed in order to segment the
depth image into a predefined number of clusters C = {ki}, where ki ∈ R2 denote the cluster
centers and i = 1, ...,10. Initially, the algorithm assigns random ki for each cluster. Then the
euclidean distance of each point γ(uM,vN) in the image with every ki is computed as shown in
Equation 4.26.

dist (ki,γ(uM,vN)) =

√
(γ(uM)− ki,u)

2 +(γ(vN)− ki,v)
2 (4.26)

Afterwards all image points are assigned to the respective cluster based in Equation 4.27.

argmin
Ci∈C

dist (ki,γ(uM,vN))
2 (4.27)

Then, the cluster centroids are calculated again, based on average of all points that currently
belong to the cluster and the process is repeated until convergence based on termination criteria.
The overall process leads to to the clustered image dclustered : [0...M−1]× [0...N−1]→ N2.

In the sequel, dclusterd is further processed to provide a binary image dbinary that isolates the
dark area from the rest of the image surroundings. More specifically, the cluster center ki with
the minimum image intensity is extracted and the pixels intensities are set to 1, while the rest
pixels are set to 0.

Centroid

Finally, the centroid (sx,sy) of the binarized depth image dbinary(u,v) is extracted using the im-
age moments [230]. More specifically, the geometric moments Mpq of dbinary(u,v) are defined
using a discrete sum approximation as shown in Equation 4.28, while (sx,sy) are calculated
according to Equation 4.29.

Mpq = ∑
u

∑
v

upvqdbinary(u,v) (4.28)

sx =
M10

M00
, sy =

M01

M00
(4.29)
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where M00 represents the area in the binary image, M10 is the sum over x and M01 is the sum
over y. The normalized pixel coordinates sx and sy ∈ R can be defined as:

sx = (u−ox)/ fx, sy = (v−oy)/ fy, (4.30)

where ox ∈ N and oy ∈ N are the principal points in pixels, fx, fy ∈ R are the camera focal
length for the pixel columns and rows respectively.

The calculated centroid is visualized with a red circle in the sequential frames, while the
visual processing architecture provides the centroid with update rates of 20Hz. Figure 4.9
depicts an example of the extracted centroid overlaid in the onboard captured image as well as
the generated single image depth map.

Figure 4.9: On the left onboard image frame with the extracted centroid denoted with the red
circle, while on the right the estimated depth map from a single image is depicted.

Vector Geometry Based

The purpose of the vector geometry approach is to generate the heading rate commands based
on range measurements of the 2D lidar. The heading rate commands is adjusted to guide the
MAV towards the direction that has the largest amount of navigable space. The schematic of
the proposed method is shown in Figure 4.10, while the three range measurements from the
2D lidar is shown with arrows. The colors of the arrows correspond to the magnitude of the
vectors, where green, yellow and red are largest to smallest vectors respectively.

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 distances. The ~dc has a direction towards
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 values of the θgeom,r and θgeom,l are symmetric and depend on the design choices and for
clarity it is called θgeom. The resulting distance vector of dr, dc, and dl is calculated as:

~dsum = ~dr + ~dc + ~dl (4.31)

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
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~dr

~dc
~dl

yb

xb

Figure 4.10: Schematic of the proposed vector geometry based method for heading correcting.
The color of the vectors represent their distance to the obstacles, while green, yellow and red
are large, medium and small distances to obstacles. The heading rate is generated based on
Alg. 2 and the MAV heading rate is generated based on open areas.

of the methods rely on information from a magnetometer and gyrocompass, multi-antenna
Global Navigation Satellite Systems (GNSSs) or position information of the platform [231].
Nonetheless, magnetometers are 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 to θgeom. The ψ̇cmd is bounded between
−1 and 1, e.g. dr = 0, dl = 0, and dc > 0 that results to ψ̇cmd = 0rad/sec, dc = 0, dl = 0,
dr > 0 results to ψ̇cmd =−1rad/sec, and dr = 0, dc = 0, and dl > 0 result to ψ̇cmd = 1rad/sec.
However, a larger value of θgeom can be selected to have slower heading rate commands.

ψ̇cmd =
∠~dsum

θgeom
(4.32)

It should be highlighted that in order to avoid disturbances in the range measurements, the array
of ranges can be used for ~dc, ~dr, and ~dl . The algorithm 2 provides the overview 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.

Algorithm 2 Calculate heading rate command based on 2D lidar measurements.
Require: R
Ensure: ψ̇cmd

1: ~dc = ∑
π/4
i=−π/4 ri[cosθi,sinθi]

>

~dr = ∑
π/2
i=π/4 ri[cosθi,sinθi]

>

~dl = ∑
−π/4
i=−π/2 ri[cosθi,sinθi]

> //obtaining ~dc, ~dr, and ~dl for arrays of ranges

2: ~dsum = ~dr + ~dc + ~dl

3: ψ̇cmd = ∠~dsum
θgeom

,θgeom = π/3
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Convolutional Neural Network

A CNN [232, 233] is composed of a series of non-linear 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 non-linear activation layers. The main component of the CNN is the convo-
lutional 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 in-
variance. 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 non-linear map-
pings between the input and the output. The final layers of a CNN are “flat” fully connected
layers identical to the ones used in conventional CNNs. A CNN is trained “end to end” to learn
to map the inputs to their corresponding targets by using gradient-descent based learning rules.

In this work the same CNN structure as presented in [234] 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 of these novel archi-
tectures is that the features are learned during the training process, instead of relying on tedious
feature engineering processes. In the case of CNNs this is basically achieved via the convolu-
tion filters. Each convolution filters learns to be activated by certain features of the image. One
advantage of convolution 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 opera-
tion and allows for faster and more effective training by mapping negative values to zero and
maintaining positive values. RELUs introduces non-linearity 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, while at
the same time reducing the number of parameters that the network needs to learn while re-
taining the most important information. These operations are repeated over a large number of
layers, with each layer learning to identify different features and extracts the useful information
from the input image, introduce 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.

The input layer of the CNN is a matrix of 128×128, 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 convolution 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 ending with fully connected layer with softmax activation
for classifying images to three classes. Depending on on-board 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, object recognition based on gray-scale images
can outperform RGB image based recognition [235], and the RGB sensors do not provide any
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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 [236] 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 architecture. Random
dropout of neurons during training phase, results to adaptation of other neurons to make pre-
diction for the missing neurons. In this way, multiple independent internal representations are
learned by the network. This results to a network with less size and less sensitivity to the
specific weights of neurons. Moreover, during the training, the model cross-validation [237]
method is used to reduce overfitting and to provide models with less biased estimation. The
training data-set is split to 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.

For the proposed method, a loss function is categorical crossentropy, an optimization is
adam optimizer [238], 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 case of Center the heading rate
should be zero ψ̇cmd = 0, in case of Right the heading rate should have a positive value, in 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 ψ̇cmd = {−0.2,0,0.2}rad/sec is selected for each label,
0.2rad/sec is selected to avoid sudden heading rate commands in case of wrong classification
from the CNN approach. The algorithm 3 provides an overview of the proposed method for
generating heading rate commands based on the CNN classification method.

Algorithm 3 Calculate heading rate command based on the CNN approach.
Require: I
Ensure: ψ̇cmd

1: Im×n×3 → I128×128×1 //converting the RGB image with m× n pixels to gray scale and
resizing to 128×128 pixels

2: CNN(I128×128×1 )→ {left,center,right} //Output of the CNN
3: if CNN(I)==left then ψ̇cmd =−0.2 rad/sec
4: else if CNN(I)==center then ψ̇cmd = 0.0 rad/sec
5: else ψ̇cmd = 0.2 rad/sec
6: end if
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Potential Fields

The potential field’s objective is to generate linear x-axis and y-axis velocity commands in
order to avoid collisions to the walls or any other obstacle standing in the way of the MAV.
The heading commands are provided from the vector geometry method (Section 4.3.5) or CNN
method (Section 4.3.5). In this work the potential field uses range measurements from 2D lidar
placed on top of the vehicle to obtain repulsive velocity commands for both x-axis and y-axis
when flying close to obstacles, while the attractive velocity command is given a constant value
on the x-axis. A modified version of the method described in Section 4.2 generates desired
velocities vd,x,vd,y for the platform and are fed to the NMPC as depicted in Figure 4.7.

In classical potential field methods the relative vector between the agent position and des-
tination is required for obtaining the attractive force. However, the position estimation is not
available thus it is assumed that the desired vector is constant and it is towards the x-axis. The
desired velocity vector is defined as:

~v = [vx,0]>, vx ∈ R>0 (4.33)

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 describing the algorithm it is
essential to introduce the notation used in this case. Initially, the measurements are transformed
from ranges into a 2D pointcloud Λ, removing invalid values. The MAV is considered always
to lie at the origin of Λ, expressed always through ~ps = [0,0]>. For every time instance k the
pointcloud is updated according to the new range measurements. For simplicity reasons the
time instance indexes are omitted in the following Equations. Every point registered in Λ is
considered an obstacle and is described by its 2D position ~po = [x,y]>. Based on the ~ps and
~po, the repulsive potential is calculated and desired velocities are obtained similar to the work
in [27].

4.3.6 Mission Planner
The system incorporates a higher level mission planner which is responsible to provide the
references for the controller. The mission planner initially accepts the desired state references
from the operator once. Afterwards, a potential field obstacle avoidance method is activated,
generating linear x-axis and y-axis velocity commands in order to avoid collisions to the walls
or any other obstacle standing in the way of the MAV.

4.3.7 Results
Local obstacle avoidance planner

The proposed method for obstacle avoidance has been evaluated in the simulation environment
Gazebo along with the ROS framework, where the developed components in the presented sim-
ulation results are directly applicable to their real world counterparts. The platform considered
in the presented simulations is the Ascending Technologies Firefly hexacopter. Additionally,
a minimal sonar-based sensor array, including 8 sonar sensors, is considered in this setup as
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the main feedback sensor. The ultrasonic array sensor is used for controlling the range mea-
surements from the surrounding obstacles. Two scenarios have been tested in the simulation
environment, 1) vertical shaft and 2) horizontal tunnel. The evaluation of the method is based
on the attributes of the obstacle avoidance and mission accomplishment. The mission is con-
sidered successful when the aerial platform reaches the goal waypoint. The potential field
algorithm considered β = 400 and η = 1000. The safety distance threshold dS to activate the
repulsive force of the potential field was set to 3m. The MAV trajectory is generated based
on the attractive part of the potential field converting the forces into position-velocity-yaw ref-
erences. The moment that the repulsive part is activated the position-velocity-yaw references
consider the sum of attractive and repulsive trajectory contributions.

Figure 4.11: Simulated shaft in Gazebo framework. On the left outside view, on the right inside
view with MAV)

Vertical Shaft: In this scenario the MAV is commanded to navigate across the z-axis
inside the simulated shaft (Figure 4.11). The 3D model of the shaft has an irregular cylindrical
shape that eventually collides with the initially planned trajectory for the aerial vehicle, which
requires the activation of the proposed navigation scheme. More specifically, the MAV starting
from the position [0m, 0m, 1.0m] is commanded to reach the goal waypoint at [0m, 0m, 30m].
The initial designed trajectory is a straight line that connects the starting and final position,
depicted in green line in Figure 4.12. However, due to the shaft shape some parts of the
wall collide with the desired trajectory. The aim of the proposed method is to locally re-plan
the route that the MAV follows in such a way as to avoid wall collisions and reach the final
waypoint, an essential capability for MAV integration in the mining processes.

The resulting trajectory followed is depicted in Figure 4.12 (red dashed line), which shows
that the MAV was able to reach the goal waypoint, avoiding successfully the obstacle walls
along the initial trajectory. During the simulation, the maximum divergence on the y-axis was
1.46m, while the maximum divergence on the x-axis was 0.272m.

Horizontal Tunnel: In this scenario the MAV is commanded to navigate across x-axis
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Figure 4.12: On top the XZ view of the reference trajectory (green) and actual trajectory (red)
followed during the shaft navigation task, on bottom the YZ view of the reference trajectory
(green) and actual trajectory (red) followed during the shaft navigation task

inside the simulated tunnel (Figure 4.13). The 3D model of the tunnel has an irregular cylin-
drical shape that eventually collides with the initially planned trajectory for the aerial vehicle,
which requires the activation of the proposed navigation scheme. Similarly to case 1, the MAV
starting from the position [0m, 0m, 1.5m] is commanded to reach the goal waypoint at [30m,
0m, 1.4m]. The initial designed trajectory is a straight line that connects the starting and final
position, depicted in green line in Figure 4.12.

The resulting trajectory followed is depicted in Figure 4.14 (red dashed line), which shows
that the MAV was able to reach the goal waypoint, avoiding successfully the obstacle walls
along the initial trajectory. During the simulation the maximum divergence on the y-axis was
1.664m, while the maximum divergence on the z-axis was 0.0583m.

The demonstrated simulation results show that the navigation capabilities of the aerial plat-
form are necessary and should be studied before deploying MAVs underground. The potential
field approach provides substantial performance in those cases. It should be highlighted that
the performed simulations assumed the localization of the aerial vehicle known and utilized
the attractive and repulsive forces accordingly. The next step includes cases where the poten-
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Figure 4.13: Simulated tunnel in Gazebo framework. On top outside view, on bottom inside
view with MAV (Video link [239])

tial field system will invoke the fail-safe system to take over in cases the localization system
fails. In this case small variations of the current implementation will be able to provide the
envisioned architecture.

Tunnel Open Space Extraction Results

The proposed method has been evaluated using datasets described in Sectionxx and are de-
picted in Figures 4.15, 4.16. The open area

Applying the proposed method on datasets from real underground tunnels, apart from pro-
viding an insight on performance, it also brings up challenges that should be addressed. More
specifically, Figure 4.17 showcases various occasions where the performance is affected due
to harsh conditions. The starting point is the tunnel geometry where the tunnel width forms a
critical factor. The algorithm showed to be able to perform equally well in both narrow and
wide tunnels and in areas where the tunnels lack any natural illumination (Figure 4.17d). More-
over, the developed method is partly able to address the dust floating in the tunnel, while flying
(Figure 4.17b). The final point of discussion focuses on areas where an additional illumina-
tion source exists apart from the onboard, distorting the estimated depth images and overall
the guidance command. For wide tunnels the additional illumination source affects slightly
the commands when the MAV is flying closely (Figure 4.17a), while in narrow tunnels the
illumination source affects majorly the guidance command, where is some cases the centroid
is pointed in darker areas (e.g. the wall) away from the tunnel open space (Figure 4.17c). In
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Figure 4.14: On top the XY view of the reference trajectory (green) and actual trajectory (red)
followed during the tunnel navigation task, on bottom the XZ view of the reference trajectory
(green) and actual trajectory (red) followed during the tunnel navigation task

Figure 4.15: On the left onboard RGB image frame with the extracted centroid denoted with
the red circle, while on the right the estimated pseudo depth image from a single image.

a summary, the proposed method has been developed to address the guidance command gen-
eration for completely dark areas, assuming that the aerial robot has an onboard illumination
source, providing substantial performance characteristics.
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Figure 4.16: On the left onboard depth image frame from Intel RealSense ZR300, while on the
right the processed depth image with the extracted centroid denoted with the red circle.

Figure 4.17: Challenging test cases including: a) varying illumination in a wide tunnel, b) dust
in a wide tunnel, c) varying illumination in a narrow tunnel, and d) narrow tunnel general case.
All cases depict the onboard image with the depth map.

Finally, the centroid method has been tested in image frames collected from an underground
tunnel environment with extremely low illumination of 40lux. The method seems that is able
to handle the low illumination levels and provides the estimated depth map from a real dark
image, as depicted in Figure 4.18. Future directions will focus on a generalized characterization
method that will address the problem in cases where dust and varying illumination sources are
evident in the scene.

Figure 4.18: Centroid extraction method in dark images
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Framework A Results

In the performed field trials the aerial scout has been deployed in two different environments,
a) an indoor corridor located at Luleå University of Technology and b) a underground tunnel,
1100 meter deep, in an iron ore mine in northern Sweden. The main concept of the system
was to takeoff, move along the tunnel and return towards the takeoff position using a timer
strategy, depicting navigation with return to base capabilities. The designed NMPC is mainly
providing the yawrate command from the x axis open space in the image frame. Nevertheless,
when the timer commands a turn the yawrate is fixed to a constant value and the centroid
measurements are ignored until the rotation of approximately 180deg is completed. The aim
of these experiments is twofold a) to demonstrate the navigation capabilities of the platform
without any priori knowledge of the area and b) to showcase that the method is applicable for
totally different tunnel-like environments, while supporting different sensor modalities. It is
of importance to note that the role of the resource constrained aerial scout is not to provide
an accurate localization of any artifact or 3D map of the visited area, but rather navigate in
extreme locations, collect raw sensor data and return in a location for the operator to retrieve
it.

Experimental Setup In this work one aerial platform in two different configurations is used
to evaluate the proposed method. The first configuration was used for the indoor corridor ex-
periments and the second configuration for the underground tunnel experiments. Generally,
the vehicle weights 1.5kg and provides 8mins of flight time with 4-cell 1.5 hA Lithium Poly-
mer (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 4GB RAM. The oper-
ating system running on the board is Ubuntu Desktop 18.04 with ROS Melodic framework.
In both scenarions the platform carried a 2D rotating Rplidar placed on top of the bodyframe,
providing range measurements at 10Hz, while the height measurements are provided from the
single beam Lidar-lite v3 at 100 Hz installed on the bottom of the vehicle pointing down. Fur-
thermore, the aerial platform is equipped with three 10W LED light bars, two in both front
arms and one facing downwards for providing additional illumination.

As mentioned above due to sensor limitations different sensors were employed for velocity
estimation and the vision based open area identification. More specifically, in scenario a) the
velocity estimation is based on IntelRealsense T265 at 200 Hz, installed on the backside of the
vehicle pointing backwards, while for scenario b) the PX4Flow optical flow sensor at 20 Hz
was installed on the bottom of the vehicle pointing down, since T265 had poor performance
in darkeness. Additionally, in scenario a) the depth camera Realsense ZR300 has been used
to provide depth image at 20Hz, while in scenario b) the PS3 Eye camera has been used to
generate pseudo depth images at 10 Hz and provide the x axis coordinate of the open space in
the image plane.

The NMPC has a prediction horizon of 40 steps, while the tuning parameters used by the

1https://www.aaeon.com/
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Figure 4.19: The top two rows depict snapshots from the experimental trials in the indoor
corridor area, while the bottom rows depict the experimental trials in the underground tunnel.
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NMPC were:

Qx = diag(5,1,1,1,3,3), Qx
f = 10Qx,

QS = diag(10), QS
f = 10QS,

R = diag(2,10,10,2)

where diag denotes a square diagonal matrix. Additionally, in the control design, the following
bounds have been considered as: −0.4rad/s≤ [φcmd,θcmd, ψ̇cmd]≤ 0.4rad/s and Tcmd ∈ [0,1].

First Scenario In this case the environment is well-illuminated and the main challenge is that
it’s geometry is self-similar. the tunnel is 3m wide and 3m height, while the MAV navigated
for 40m forward and back. In this scenario the operator defined reference state vectors were
xre f = [0.3m/s,0,0,0,0] and Sre f = [0,0].

Furthermore, the first subfigure of Figure 4.20 presents the tracking of vB
x to the desired

reference. In this case the controller was able to follow the reference with a Mean Absolute
Error (MAE) of 0.1m/s. The velocity is tracking the desired values and in the majority of the
experiment was close to 0.3. Nevertheless, around 60 seconds the turn was initiated and the
MAV floated towards the wall, which activated the potential field reactive planner providing
less or equal than 0m/s references. The second subfigure of Figure 4.20 showcases the refer-
ence tracking performance of vy over time. In this case the controller was able to follow the
reference with a MAE of 0.05m/s. In this case the reactive planning from potential fields is
activated more frequently, especially after the turn. The third subfigure of Figure 4.20, depicts
the altitude of the MAV relative to the commanded reference. In this case the MAE was 0.05m.
The forth and final subfigure depicts the x axis coordinate tracking of the open space. In this
case the MAE was 0.07units. In the majority of the flight to coordinate is close to zero, expect
around the time instance 60sec where the MAV is turning and the measurements do not have
any value and are omitted. Generally, the centroid extraction has some oscillation which is
negligible and does not affect the overall navigation.

The control signals (roll, pitch, and normalized thrust references) generated by the non
linear solver are depicted at Figure 4.21. An interesting note in the presented responses is that
that around 52sec the timer based turn is initiated and the yawrate has been fixed to 0.2rad/sec.
Interestingly from the experiment is shown that the yawrate command after the turn takes few
second to stabilize, which is affected by the depth image processing. Moreover, after the turn
the velocity estimation is slightly drifiting leading the MAV close to the wall causing small
sign alteration on the MAV roll command.

Second Scenario In this case the environment is more challenging, pitch dark, wider and
with limited access. In this environment the RealSense sensor T265 could not provide proper
velocity measurements. Therefore the PX4flow sensor has been selected. The tunnel is 7
meters wide, 10 meters height and the MAV navigated for 20 meters forward and back. In
this scenario the operator defined reference state vectors were xre f = [0.5m/s,0,0,0,0] and
Sre f = [0,0].
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Figure 4.20: Linear velocities vB
x and vB

y , altitude pB
z and centroid sx reference tracking during

the navigation in the 1st scenario.
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Figure 4.21: Control signals generated from the PANOC solver to the low-level controller
during the navigation in the 1st scenario.
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Similar to scenario 1, the first subfigure of Figure 4.22 presents the tracking of vB
x to the

desired reference. In this case the controller was able to follow the reference with a MAE
of 0.27m/s. Although the error is higher compared to scenario 1, the MAV was still able to
perform the desired task.

The second subfigure of Figure 4.22 showcases the reference tracking performance of vy
over time. In this case the controller was able to follow the reference with a MAE of 0.1m/s.
Compared to scenario 1 the tunnel was wider leading to less frequent activations of the reactive
potential fields, keeping vy close to 0. Nevertheless, the potential fields were activated during
the turn around the 100sec to keep the MAV away from the tunnel surface. The third subfigure
of Figure 4.22, depicts the altitude of the MAV relative to the commanded reference. In this
case the MAE was 0.03m. The forth and final subfigure depicts the x axis coordinate tracking
of the open space. Although sx was oscilating more around 0 compared to scenario 1, the MAV
was able to maintain the proper direction during the overall navigation, even after the turn. In
this case the MAE was 0.22units.

The control signals (roll, pitch, and normalized thrust references) generated by the non
linear solver are depicted at Figure 4.23. An interesting note in the presented responses is that
that around 82sec the timer based turn is initiated and the yawrate has been fixed to 0.2rad/sec.
It is shown that the yawrate command follows the oscillatory behavior of the sx, which is
affected by the depth image processing.

In a nutsell the performed experiments demonstrate the effectiveness of the vision based
method to detect open spaces and align the MAV heading, facilitating the tunnel navigation.
Nevertheless, the presented method is a baseline capability that can be enhanced with more
features for a more robust behaviour. More specifically, the takeoff and landing can be auto-
mated using markers like apriltags, while junction detection methods can be incorporated to
complement the navigation task when the tunnels have multiple branches.

Framework B Results

The proposed framework has been evaluated in the Gazebo [240] robot simulation environ-
ment, which under the hood provides a robust physics engine with high-quality graphics, con-
venient programmatic and graphical interfaces, as well as a direct interface to the ROS [241]
framework. The code is written in C++ and is developed within the ROS framework. The robot
model used in the simulation environment is a simplified multirotor CAD model, equipped
with a front-facing camera, a ROSFlight flight controller [242] and an IMU. The advantage
of the simulation method is that the flight controller provides the ability to perform Software-
In-the-Loop (SIL) simulations of the ROSflight firmware in Gazebo, while the interface to the
SIL plugin is identical to that of the hardware flight controller. Throughout the simulations,
the gazebo world 2 “tunnel_practice_2.world”, developed for the DARPA Subterranean chal-
lenge3, has been selected for deploying the aerial platform. The NMPC has a sampling rate
of 20Hz, a prediction horizon of 40 steps, while the tuning parameters used by the NMPC

2https://bitbucket.org/osrf/subt/wiki/Home
3https://subtchallenge.com/
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Figure 4.23: Control signals generated from the
acPANOC solver to the low-level controller during the navigation in the 2nd scenario.
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were:

Qx = diag(10,10,10,3,3), Qx
f = 10Qx,

QS = diag(10,60), QS
f = 10QS,

R = diag(2,10,10,2)

where diag denotes a square diagonal matrix. Additionally, in the control design, the following
bounds have been considered as: −0.4rad/s≤ [φcmd,θcmd, ψ̇cmd]≤ 0.4rad/s and Tcmd ∈ [0,1].
In the simulation world, two different subterranean tunnel routes have been chosen for the
MAV to explore. Figure 4.24 provides a graphical overview of the two tunnel morphologies.

Figure 4.24: Selected tunnel morphology for the evaluation of the proposed scheme from the
DARPA Subterranean challenge gazebo world “tunnel_practice_2.world”. a) depicts Scenario
1 and b) depicts Scenario 2

In both simulation scenarios, the desired reference state vectors were xre f = [2m/s,0,0,0,0]
and Sre f = [0,0], while it should be highlighted that the MAV can perform the exploration task
without any prior information from the environment, since the MAV navigates by tracking the
centroid in the center of the acquired image frame, enabling in this way the proper translation
along the tunnel’s horizontal and vertical axes. For these simulation scenarios the follow-
ing corresponding videos depict the exact responses of the aerial vehicle - Video1: https:
//youtu.be/F34t3BBHu7w and Video2: https://youtu.be/6FEU-wxN7WM.

First Scenario The selected tunnel focuses mainly in the sy tracking, since the tunnel has
a challenging part, where two consecutive altitude descending tunnel tiles are followed by an
altitude ascending tile. Figure 4.25 depicts the xy and xz views of the ground truth path of the
MAV. This information has not been used from the proposed system and is provided only for
visualization purposes. A main point of the resulting translation based on the novel proposed
navigation scheme is that the MAV has properly followed the center of the tunnel also on the
z axis with an overall descending of 10 meters. Furthermore, the first subfigure of Figure 4.26
presents the tracking of vB

x to the desired reference. In this case the controller was able to
follow the reference with a MAE of 0.09m/s. During the initialization of the navigation, the
velocity is overshooting but it quickly converges close to the desired value. Moreover, the
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Figure 4.25: Ground truth 3D performed translation of the MAV during the navigation in the
1st tunnel scenario

velocity is slightly increasing when the MAV is taking turns, without affecting majorly the
overall navigation performance. The second subfigure of Figure 4.26 showcases the reference
tracking performance of sx over time. For the first 20sec, the aerial platform starts from an
off-center pose outside the tunnel and therefore the centroid on the x axis is slightly oscillating
in a way that guides the MAV inside the tunnel. For the time instances 38sec, 65sec, 140sec,
150sec and 165sec the centroid reaches peak values, depicting that the tunnel is taking a turn
and the MAV has to yaw along the axis. Moreover, for the time instances 85sec and 118sec
the centroid is oscillating but the magnitude of the oscillation is with an error less than 0.05.
This oscillation can also denote that the aerial platform is flying close to another obstacle in
the tunnel and does a manoeuvre to avoid it. The third subfigure of Figure 4.26 depicts the sy
reference tracking. This plot shows that the values are close to zero, but it also includes peaks
that are produced from the visual processing, since sy sometimes jumps back and forth some
pixels. Nevertheless, these peaks occur instantaneously, where the average magnitude of the
error esy = sre f

y − sy is bounded −0.05≤ ēsy ≤ 0.05. Therefore, the controller tries to regulate
the small errors and the altitude of the MAV during the navigation is not disturbed overall.
For the time instances 85sec and 110sec the error is positive and reaches 0.3 meaning that
the tunnel is vertically descending and the MAV follows it. Moreover, for the time instance
122sec, the error reaches -0.22 and this denotes a vertical ascending of the tunnel and the fact
that the MAV tries to follow the vertical axis without colliding to the walls.

The control signals (roll, pitch, and the normalized thrust references) are generated by the
non linear solver and are depicted at Figure 4.27. An interesting note in the presented responses
is that when the tunnel is taking a turn, the roll of the MAV is offsetting from zero, meaning
that the roll is connected with the centroid motion on x axis, but the magnitude is negligible.
This also leads to faster linear velocities in the x axis, as shown in Figure 4.26.

Second Scenario In this scenario, the translation along the tunnel axis has been evaluated,
since it contains multiple turns in various configurations. Figure 4.28 depicts the ground truth
3D path that have been followed by the MAV. This Figure also demonstrates the altitude
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Figure 4.26: Linear velocity x, centroid sx and sy reference tracking during the navigation in
the 1st tunnel scenario
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Figure 4.27: Control signals generated from the PANOC solver to the low-level controller
during the navigation in the 1st tunnel scenario.
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descend of the vehicle of an overall 8.5m.
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Figure 4.28: Ground truth 3D performed translation of the MAV during the navigation in the
2nd tunnel scenario.

Similarly to the case 1, Figure 4.29 presents the reference tracking plots for the vB
x , sx and

sy. The performance is similar, where the sx has more peaks, since the tunnel contains more
turns and for the sy, tracking peaks occur similar to the case 1, without affecting majorly the
navigation. Similarly, Figure 4.30 depicts the control signals generated by the non linear solver,
while as in the first case, in the control design was selected that −0.4≤ (φ ,θ , ψ̇)≤ 0.4, while
Tcmd ∈ [0,1]. Additionally to the two cases examined above, the system has quantitatively
studied various metrics for a series of simulations with different velocities, while keeping the
same design parameters for the controller. Table 4.1 presents a summary of the performed
simulations, depicting the navigation time and the MAE for sx, sy and vB

x .

Table 4.1: Comparison of the method in each tunnel for three different velocity references

Navigation Time vB
x MAE

Ref vB
x 1m/s 1.5m/s 2m/s 1m/s 1.5m/s 2m/s

Tunnel 1 358s 240s 195s 0.04 0.07 0.09
Tunnel 2 873s 592s 467s 0.05 0.07 0.1

sx MAE sy MAE
Ref vB

x 1m/s 1.5m/s 2m/s 1m/s 1.5m/s 2m/s
Tunnel 1 0.03 0.045 0.07 0.036 0.05 0.06
Tunnel 2 0.04 0.06 0.08 0.02 0.025 0.03
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Figure 4.29: Linear velocity x, centroid sx and sy reference tracking during the navigation in
the 2nd tunnel scenario.
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Figure 4.30: Control signals generated from the PANOC solver to the low-level controller
during the navigation in the 2nd tunnel scenario.
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Framework C Results

This section describes the experimental setup and the experimental trials performed in the
underground environment.
Link: https://youtu.be/sW35Q3wVpI0 provides a video summary of the system.

Experimental Setup In this work two separate platforms are used to evaluate the proposed
methods. The first platform is a quad-copter which is developed at Luleå University of Tech-
nology based on the ROSflight [242] flight controller and the second one is the commercially
available quad-copter Parrot Bebop 2 [243]. A detailed presentation of the platforms is pro-
vided in the sequel.

ROSflight Based Quad-copter

The vehicle’s weight is 1.5kg and provides 8mins of flight time with 4-cell 1.5 hA LiPo battery.
The flight controller is ROSflight and the Aaeon UP-Board4 is the main processing unit, incor-
porating an Intel Atom x5-Z8350 processor and 4GB RAM. The operating system running on
the board is Ubuntu Desktop 16.04, to which ROS Kinetic has been also included. Regarding
the sensor configuration, a 2D rotating Rplidar is placed on top of the vehicle, providing range
measurements at 5Hz. The velocity estimation is based on the PX4Flow optical flow sensor
at 20 Hz, while the height measurements 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 10W LED light bars in both front arms for providing additional
illumination for the forward-looking camera and four low-power LEDs looking down to pro-
vide additional illumination for the optical flow sensor. Figure 4.31 presents the platform at
different viewpoints, highlighting it’s dimensions and the sensor configuration.

Figure 4.31: The developed quad-copter equipped with a forward looking camera, a LED
lights, optical flow, 2D lidar and single beam lidar.

4https://www.aaeon.com/en/p/up-board-computer-board-for-professional-makers
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Parrot Bebop 2 Parrot Bebop 2 weighs 0.5kg, offering 25mins of flight time and it is
equipped with a forward-looking camera, optical flow and sonar sensor looking down as de-
picted in Figure 4.32. The platform provides WiFi link and all computation is done on the
ground station computer with an Intel Core i7-6600U CPU, 2.6GHz and 8GB RAM. The
Bebop-Autonomy 5 is used for the estimation of the states and controlling the platform, while
the heading of the MAV is corrected based on the proposed CNN method.

Figure 4.32: The commercial quad-copter Parrot Bebop 2.

Navigation Modules Results This work demonstrates the performance of the proposed meth-
ods in three different test cases, highlighting the adaptability and feasibility of the methods
under various vehicle configurations. The location of the field trials was 790m deep in an
underground mine in Sweden without any natural illumination sources. Furthermore, the un-
derground tunnels did not have strong corrupting magnetic fields, while their morphology re-
sembled an S shape environment with small inclination. Overall, the field trial area had width,
height and length dimensions of 6m, 4m, and 150m respectively. Figure 4.33 depicts one part
of the underground mine with uneven surfaces. 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 and param-
eters of the MAV model are presented in the Tables 4.2 and 4.3 correspondingly. The NMPC
prediction horizon N is 40 and control sampling frequency Ts is 20hz.

Table 4.2: The tuning parameters of the NMPC.

Qz QV Qφ Qθ Qu Tmin Tmax φmin φmax θmin θmax

6 [2, 2, 3]> 3 3 [2, 10, 10]> 0 1 −0.4rad/s 0.4rad/s −0.4rad/s 0.4rad/s

5https://bebop-autonomy.readthedocs.io/
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Figure 4.33: Photo of 790m underground mine in Sweden.

Table 4.3: The parameters of the MAV model.

g Ax Ay Az Kφ Kθ τφ τθ

9.8m/s2 0.1 0.1 0.2 1 1 0.5s 0.5s

In general for evaluating the geometry based approach, nine flights with an overall flight
time of 1804sec have been performed. Moreover, nine more flights with a duration of 2019sec
have been executed for evaluating the CNN approach. In both approaches none of the flights
resulted to a collision and the flights were terminated only due to battery drainage and not
based on another external or internal faulty operation.

Case 1: Potential Field and Vector Geometry Based Approaches The main purpose of
case 1 is to evaluate the floating object concept by potential field and vector geometry navi-
gation methods on the ROSflight based platform.In this case the GoPro7 camera is used for
collecting images, the 2D lidar measurements are used for both potential fields and heading
corrections, the optical-flow sensor provides velocity state estimation and the single beam lidar
provides altitude estimations. In order to reduce 2D lidar measurement noise and uncertainties
for calculating the heading rate, instead of 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 beams of 2D lidar measurement. The maximum ranges of 4m and the safety distance ds for
potential field is 1.5m which enables the repulsive forces, while the vector geometry module is
always active. Moreover, the desired constant altitude of pz,d = 1m is considered for the MAV.
Figure 4.34 depicts the generated vd,x, vd,y commands from the potential fields. The desired
vd,x velocity is constant at 0.1m/s, while the changes in vd,x and vd,y are due to repulsive forces
from the tunnel walls. Figure 4.35 depicts the ψd and ψ̇cmd from the vector geometry mod-
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ules. It can be seen that when the vd,y has negative values, the ψ̇cmd has positive values which
means the platform is close to the left wall, trying to move away from the left wall with the
heading towards the other side of the tunnel. Additionally, it can be seen that in some cases the
value of vd,x is changing, this is due to the fact that the MAV is looking towards walls and the
potential field provides different velocities. Moreover, due to ds = 1.5m in the potential field,
the commands are mainly constant until the MAV is close to the obstacles, while the heading
commands are always correcting the MAV to look towards open areas. The MAE between vx,
vy and vd,x, vd,y are 0.25m/s and 0.13m/s respectively. The velocity measurements 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.
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Figure 4.34: The velocity commands from the potential field in the first case, while the Ros-
flight platform navigates based on potential field and vector geometry modules.
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Figure 4.35: The heading rate command and heading angle from the vector geometry based
approach in the first case, while the Rosflight platform navigates based on potential field and
vector geometry modules.

Moreover, the altitude of the MAV is shown in Figure 4.36. It can be seen that during the
take off the platform reaches to 1.4m and then stabilizes around 1m. The initial high thrust
command during the take-off phase has been selected to boost the take-off and faster reach the
desired height of 1m, assisting the stability of the optical-flow measurements, since the sensor
has been tuned to operate around 1m altitude. Usually, slower take off resulted in drifting
velocity state estimation, leading to undesirable behaviour of the platform during the take off
procedure.

During the field trials, it was observed that the platform heading was corrected towards the
open area. Nevertheless, due to the combination of the tunnel width with the limitations of the
2D lidar, the MAV path followed an S shape.
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Figure 4.36: The desired altitude and the altitude of the MAV during the navigation in the
first case, while the Rosflight platform navigates based on potential field and vector geometry
modules.

Case 2: Potential Field and CNN Approaches In the second case, the same platform as
in case 1 is evaluated by potential field and CNN for heading correction. The MAV desired
altitude is 1m with constant desired vd,x = 0.1m/s. Additionally, the platform is equipped with
PlayStation Eye Camera to provide image data for the CNN module as depicted in Figure 4.37.
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 640×480pixels. Fur-
thermore, the LED light bars provide 460lux illumination in 1m distance.

PlayStation Eye Camera

Figure 4.37: The ROSflight based platform equipped with PlayStation Eye camera.

The CNN requires data sets for training, thus the setup in Figure 4.38 has been used. The
setup consists of three mounted cameras with separated LED light bars pointing towards the
field of view of each camera. Different cameras including Gopro Hero 7, Gopro Hero 4, and
GoPro Hero 3 are used to reduce the dependency of training data sets to specific cameras.
Additionally, the light bars were calibrated to provide an equal illumination power, while data
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sets are collected with different illumination levels of 460lux and 2200lux from 1m distance to
consider uncertainties in illumination. During the data collection each camera has a different
resolution and FPS of 3840× 2160 pixels with 60fps, 3840× 2160 pixels with 30fps, and
1920×1080 pixels with 30fps 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 5fps 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 guaranteeing that the middle camera is always looking toward the tunnel axis,
and the camera is held 1m above the ground.

Figure 4.38: 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 MAV 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 cap-
tured 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.
Figure 4.39 depicts the sample images from an underground mine collected by triple camera
setup for training the CNN.

After training the CNN uses the obtained data-sets on the workstation outside 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 MAV to navigate
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GoPro Hero 4 GoPro Hero 7 GoPro Hero 3

Figure 4.39: 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 corre-
spondingly.

autonomously in the mine. The output of the CNN is the class of the image, while for each
label constant heading rate commands are generated for the MAV. The −0.2rad/s, 0.0rad/s,
and 0.2rad/s are the heading rate commands that correspond to the left, center, and right labels
respectively. Figure 4.40 shows sample images from the PlayStation Eye camera, where the
class is written above each image.

A merit of the proposed CNN navigation method is the applicability of the network in un-
explored areas of 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 differ-
ent surfaces with different level of illumination. Therefore, the CNN can be deployed in new
tunnels that has not been trained for, reducing the complexity and time of the inspection task.

In this case, similar to the first case, the potential field is active when ds is less than 1.5m.
The velocity commands from the potential field and estimated velocities are depicted in Fig-
ure 4.41. The MAE of vx and vy are 0.1m/s and 0.08m/s respectively.

Furthermore, the altitude of the MAV for this case is shown in Figure 4.42. Similar to
the first case, the initial high thrust command during the take-off phase has been selected for
assisting the stability of the optical-flow measurements.

In the summary video, it can be seen that the platform heading is corrected towards 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 MAV
changes frequently with 2[hz], this is due to the width of the tunnel and the corresponding
camera field of view, small heading angle rotations results to different label of the images e.g.
from right label to left label.

Case 3: CNN Approach with Parrot Bebop 2 In this case, the Parrot Bebop 2 is used for
autonomous navigation in the mine and only the CNN module is used for correcting the heading
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Left Center Right

Figure 4.40: Examples of images from PlayStation Eye camera, while the MAV performs
autonomous navigation in underground mine. The class of images from the CNN is written
above the images.

with velocity vd,x = 0.1m/s and constant altitude of pz,d = 1m is tested. The illumination of
310lux from 1m distance from the source is provided for this platform. The area is different
from the collected training data-sets and the same trained network as case 2 is used. The
main purpose of this case is to evaluate the performance of the stand-alone CNN module,
while the on-board camera is different, the light source is provided by a person following the
platform, and the potential fields component is not available. Figure 4.43 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 avoid 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 of the images.

Figure 4.44 shows the estimation of velocities and reference values. The MAE for vx and
vy is 0.09m/s and 0.015m/s respectively.

Furthermore, Figure 4.45 depicts the altitude trajectory of the platform, while the MAE is
0.23m. The frequency of heading rate commands generated from the CNN module is 4hz. The
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Figure 4.41: The velocity commands from potential field, while CNN is providing heading
commands in the second case with Rosflight platform.

heading rate command changes frequently with same reasons mentioned in the second case.

4.3.8 Final Remarks & Future Directions
This Chapter approached the problem of fast autonomous navigation in dark, featureless and
unknown subterranean environments like tunnels, by coupling a NMPC control architecture
that plans the robot motion along the tunnel axis and regulates its altitude with a single image
frame processing architecture. In the proposed architecture the robot is considered as a free
flying object, while its dynamic model has been augmented with vision based perception states
and is part of the objective function for the overall optimization problem. On top of that, a
method based on a sequence of single frame images was used to extract a navigation centroid
in the image plane in order to identify the free space of the environment both horizontally and
vertically. Simulation results in a realistic simulation environment demonstrated the ability
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Figure 4.42: The desired altitude and the altitude of the MAV during the navigation in the
second case, while the Rosflight platform navigates based on CNN and potential field modules.

of the proposed system to navigate along dark tunnels. Moreover, the Chapter presented the
NMPC control architecture using visual processing method on both RGB-D or RGB sensors
to identify free space in the image plane and use it to regulate the heading of the MAV. Exper-
imental results demonstrated the ability of the proposed system to navigate along tunnels.

Lessons Learned

Throughout the experimental trials for the underground tunnel inspection scenario, many dif-
ferent 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 in the sequel
with connections to the different utilized field algorithms.

MAV Control

Due to the nature of a floating object approach, identifying the explicit problem 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 perfor-
mance, e.g. the higher weight in altitude terms results in a smaller altitude error. Nonetheless,
due to fluctuations in velocity estimation, eliminating the error in tracking cannot be obtained,
while too large values on the weights results in oscillation of the platform. Moreover, the
physical constraints of the MAV such as maximum velocity, maximum acceleration, bounds
on angles, etc should be taken into consideration based on the field trial conditions. As an ex-
ample due to high wind gusts in the underground tunnels the NMPC should have larger bounds
on angles 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 larger wind velocity
than the maximum velocity of the platform.
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Figure 4.43: Examples of images from forward-looking camera of the Parrot Bebop 2, while
the MAV performs autonomous navigation in underground mine. The class of images from the
CNN is written above the images.The brightness adjustment with Adobe Photoshop [244] is
applied offline for better visibility of images.

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, combining the merits and redundancy of various
sensors into a solid solution.

Navigation

Potential Field: This components relies on 2D lidar and the update rate is limited to 5hz.
Additionally, large angles for roll and pitch results in considering the ground as an obstacle.

Vector Geometry Based: This module similarly to the potential field method relies on 2D
lidar, thus the same limitations are observed. Moreover, due to the limited range of the 2D lidar
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Figure 4.44: The desired velocities and estimated velocities of the MAV during the navigation
in the third case with vx = 0.1m/s.

and 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.

CNN: In contrary to the two other modules, CNN relies on input images from a camera,
thus the update rate is 30hz. However, the CNN requires training data-sets, 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 of further investigation towards this direction.
Additionally, during the field trials, it has been observed that the stand alone CNN, in some
cases, resulted in the MAV navigating close to the wall, as depicted in Figure 4.46, due to the
fact that the CNN does not provide y-axis reference velocity and only generates heading rate
commands towards the tunnel axis. This is caused due to the lack of a 2D lidar sensor on the
platform, which results to unavailability of the potential field that is responsible for providing
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Figure 4.45: The desired altitude and the altitude of the MAV during the navigation in the third
case with vx = 0.1m/s and Bebop platform.

velocity commands on x and y axes towards the open area, while respecting the specified safety
distance. However, this case is avoided by utilizing a potential field 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 decrease the payload as well.

Figure 4.46: The MAV 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.

Finally, the method is providing discrete heading command rates compared to the geometry
vector based method, which results to bang-bang heading movements. However, both methods
provide correct heading rate commands and avoid collisions.

MAV Developments

The proposed system has been developed in a cost-efficient manner, while carrying the mini-
mum amount of sensors to enable autonomous flight underground. As presented in the Sections
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above the high level obstacle avoidance scheme, as well as part of the navigation scheme, were
based on a low cost 2D lidar that was fixed on the top of the platform. Nevertheless, the partic-
ular sensor selection caused issues during the experimental trials due to its limitations. Initially,
the ranges above 4m were corrupted with severe noise and were filtered out, limiting the sens-
ing range of the platform. Additionally, the update rate of the sensor was around 5hz, which
affected the performance of the platform navigation, since the lidar feedback was not reacting
fast on the shape variations of the environment.

Another on-board sensor of the proposed system is the optical flow sensor which was pro-
viding velocity measurements of the MAV. Initially, the sensor has been configured to operate
at 1m and all experimental trials have been performed at such height. Additionally, the place-
ment of the sensor, close to the center of mass, plays a major role in the velocity measure-
ments and therefore it should be taken under consideration when designing the aerial platform.
Another important factor that was tested during the experiments was the illumination of the
ground. Generally, the optical flow sensor, and as a consequence the flights, were more sta-
ble when increasing the illumination levels towards the ground. The ground of the tunnel was
mainly planar with rocky parts on the sides and small rock particles scattered along. The op-
tical flow sensor, overall, was able to handle the rock particles along the tunnel but was unstable
when the MAV was flying close to the rocky part on the sides.

Furthermore, the shortcomings of the developed system observed during the experimental
trials that should be addressed were the payload and flight time limitations. More specifically,
the platforms were flying on the limits of their payload capacity shortening the flight time.
Additionally, in the proposed sensor suite there was not any sensor feedback from the ceiling
to avoid collisions in case of failure of the height controller. Finally, an issue faced while flying
was the communication between the operator and the MAV. Moreover, the communication was
based on wi-fi and the connection was dropping when the platform was flying further away
from the access point.
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CHAPTER 5

Vision Based Guidance for Aerial
Manipulator

MAVs are platforms that embody a significant active research effort within the robotics
community, since they are characterized by simple mechanical design and versatile movement.
These capabilities are suitable for the execution of complex tasks which are impossible or
dangerous for a human operator to perform. These platforms, so far, have been integrated in
the photography-filming industry, but, more and more resources are invested towards remote
inspection applications. Some examples of up-to-date efforts to employ MAVs include infras-
tructure inspection [19, 245], public safety such as surveillance [246] and search and rescue
missions [247]. A new trend that is currently emerging with fast pace includes the interac-
tion capabilities of such platforms. Instead of carrying only sensors, ARWs could be endowed
with lightweight dexterous robotic arms as depicted in Figure 5.1, expanding their operational
workspace [248], [249].

Generally, the vision of integrating aerial robotic platforms in the industrial process is an
emerging research movement in its infancy, with quite a few open challenges. Advanced lo-
calization, physical interaction, navigation and perception are capabilities that an ARW should
possess when employed for the infrastructure inspection and maintenance tasks. Among these
topics, the scope of the thesis is to propose a system with advanced perception capabilities, as
the middle step before the manipulation task. These capabilities are primarily expressed by
augmenting the environmental awareness of the robotic vehicle with detection modules. The
detection modules are developed to identify targets with specific characteristics like shape,
color, texture. The target recognition is coupled with the stability of the multirotor vehicle,
since the control modules process the information of the image processing step. An indus-
trial environment can be harsh and pose various challenges in the visual part, like illumination
changes, occlusions, and target losses. Therefore the combination of visual processing with
machine learning could be one of the most robust approaches in terms of object tracking.

121
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Figure 5.1: An Aerial Robotic Worker

5.1 System Description

5.1.1 AscTec NEO hexacopter

This work employs the aerial research platform from Ascending Technologies, the NEO hex-
acopter, depicted in Figure 5.1. The platform specifications are summarized in Table 5.1. It
is also equipped with an onboard flight controller with a tuned low-level attitude controller.
The onboard computer communicates with the flight controller at 100 Hz through a serial port,
while the state estimation is performed by combining pose measurements with the onboard
IMU.

Table 5.1: AscTec NEO hardware and software specifications

AscTec NEO
Diameter 0.59 m
Height 0.24 m
Propeller length 0.28 m
Payload 2 kg
Processing Unit Intel NUC i7-5557U
Flight Time Max 15 min
OS Ubuntu Server 14.04

5.1.2 The CARMA Aerial manipulator
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The robotic arm, employed in this work, introduces manipulation capabilities to the multiro-
tor and it is a planar robotic arm with 4 revolute joints actuated by brush-less DC motors.
The joint actuation is independent and is achieved via timing belts and pulley mechanisms in
series, as shown in Figure 5.2. As a safety feature, 4 current sensors are used to disengage
the motors when overload current is detected. The manipulator weights 500 gr, while it is
capable to hold various types of end-effectors like a grasper, a brusher, a camera holder, or
even an electromagnet for handling lifting of heavy objects. Overall, the manipulation mecha-
nism is mounted underneath the aerial platform extending the reachable workspace outside the
perimeter delimited by the propellers. The proposed design is based on commercially available
hardware components, as well as additive manufacturing and 3D printing, aiming at increased
customization with simple manufacturing and assembly. More specifically, the links consist of
superimposed carbon fiber plates, while the tension into the belts was set using spiral springs
tensioners. After a series of material testing and simulation analysis, the manipulator incor-
porates a robust frame design that allows the airflow generated by the propellers to circulate
through it, diminishing additional drag forces leading to a stable behavior while flying. Lin-
ear slide potentiometers are used in the base of the manipulator to provide feedback on the
joint positions. The processing unit consists of an Arduino Mega 2560 micro-controller board,
equipped with an Adafruit Motor Shield to interface the motors. Some highlights on the design
of the manipulator are the following:

• A robust and sturdy mechanism to attach the belts and the linear potentiometers.

• Modular motor mounts to facilitate their position tuning.

• Centralized placement of all the electronics on one side (bottom side) of the manipula-
tor’s base plate to reduce the size and provide appropriate space for modifications on the
hardware.

Compact AeRial MAnipulator (CARMA) is regulated using a cascaded position-velocity
PID control scheme. More specifically, the joint positions derived from the inverse kinematics
consist the reference to four standalone PID controllers, one controller for every joint. A full
description on the design and modeling of the manipulator was presented in [251].

5.1.3 Visual Sensor
The onboard system of sensors used, consists of a custom made stereo camera depicted in Fig-
ure 5.3. The stereo camera is attached on the end-effector in an eye-in-hand configuration for
the target detection and tracking tasks. The camera frame rate is set to 20FPS at the resolu-
tion of 640x480 pixels. The baseline of the stereo sensor is 10 cm. All processing considers
pre-calibrated visual sensor with known intrinsic and extrinsic parameters.

The software architecture of the complete vision system is modular and has the merit of
integrating localization, control and guidance subsystems . A graphical overview of the pro-
posed architecture and the utilized novel combination of the software components is provided
in Figures 5.5 and 5.6, where regarding the stereo module I1, I2 are camera frames, P and
Pbounded are pointclouds, B is the bounding box and xc,yc,zc are the centroid coordinates and
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Figure 5.2: Left - CAD design of the CARMA manipulator. Right - CARMA parts explosion
view (Video Link at [250])

.

Figure 5.3: Visual Sensor in an eye-in-hand configuration for aerial manipulation (Video As-
sembly at [250])

waypoints pW ,φ . From the perspective of the aerial vehicle the motor commands υv and υm for
the hexarotor and the manipulator are generated using pose and twist measurements from the
Motion Capture system (MoCap) and IMU multi-sensor fusion. The software is implemented
in C++, using ROS 1 framework and OpenCV 2 and Point Cloud Library (PCL) 3 libraries.
Figure 5.4 depicts the state transition diagram of the proposed guidance components, where
the stereo module is prioritized and activated directly after the system initialization, while the
IBVS module is activated only after the completion and de-activation of the stereo module.

The guidance components consist of a hybrid approach integrating a stereo based scheme
(described in Section 5.4)) and a Image based visual servoing scheme (described in Sec-
tion 5.5)). In both cases, the target is identified within the sequential frames (provides a
bounding box), using the proposed robust detection scheme (described in Section 5.3). The

1http://www.ros.org/
2https://opencv.org/
3http://pointclouds.org/
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Figure 5.4: State transition diagram of the Hybrid Visual Guidance system. In the diagram the
solid line gets priority and primarily executed. The IBVS module (dashed line) is activated
after the completion of the stereo module
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Figure 5.5: Stereo Module software architecture of the guidance system

former is used to extract the centroid of the manipulated object, compute its relative configu-
ration with respect to the MAV, generate proper trajectory and align the end-effector properly
with the grasping point, by processing the pointcloud generated from the stereo camera. Thus,
the vision system is able to generate joint position commands for the manipulator and pose
commands for the multirotor. All computations regarding the detection and tracking compo-
nents are executed onboard the MAV, to avoid communication latency issues. The detection
initialization is performed using an external station, allowing the user to select the object of
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interest, while communicating through a wireless link.
The multirotor includes three main subsystems to provide autonomous flight, namely the

localization system based Vicon MoCap 4, a Multi-Sensor-Fusion Extended Kalman Filter
(MSF-EKF) [252] for state estimation and finaly the MPC position controller [253–255] for
trajectory following.

The manipulator’s forward and inverse kinematics are interfaced to support the guidance
systems in setting/estimating the arm configuration. Moreover, the kinematics of the robotic
arm consider and compensate the MAV pitch (from the odometry of the vehicle). The manip-
ulator is endowed underneath the aerial platform and the manipulator base has a fixed position
relative to the MAV center of mass. In the developed system the manipulator kinematics de-
fine the end-effector position relative to the manipulator base. In case the MAV does a pitch
command the level of the manipulator base changes and the end-effector position is affected.
A cascade joint position and velocity controller are implemented to control each joint, while
the calculated joint variables are inserted in four independent cascade PID controllers.

5.2 Reference Frames
In this established framework, several coordinate frames are used as depicted in Figure 5.7.
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 frame M 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
expressed through the homogeneous transformation matrix T E

C (pE = T E
C pC). For the rest of

this part the superscript denotes the reference frame. Accordingly, pE can be expressed in the
manipulator’s frame M, using the forward kinematics. More specifically, pM = T M

E (q) pE ,

4https://www.vicon.com/
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Figure 5.7: Coordinate Frames of the aerial platform

where T M
E (q) is the homogeneous 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 transformation matrix T B

M
is constant, expressing the relative pose between the vehicle base and the manipulator base. The
pose of the target pB, relative to the multirotor base frame, is calculated through pB = T B

M pM.

5.2.1 MAV-CARMA kinematics
Using the definition of the coordinate frames, the position and orientation of the multirotor
in Euler angles representation, in the W frame are expressed in vectors pW = [x,y,z]T ∈ R3

and Φ = [φ ,θ ,ψ]T respectively. The joint angle vector of the manipulator is defined in q =
[q1,q2,q3,q4]

T , while the end-effector position and orientation in M is defined in pM = [x,y]T

and φ M = α . The differential kinematics of the end-effector express it’s linear and angular
velocities vM as a function of the joint velocities q̇, through the mapping vM = J(q) q̇, where
J(q) ∈ R6×4 is linear with respect to the joint velocities known by the term Jacobian. The
state of the overall system is defined as x = [pW ,Φ, pM] and the velocity of the state is ẋ =
[ṗW ,ωW ,vM], with ωW the angular velocity of the multirotor body. The transformation of the
aerial platform’s center of mass from W to B is described by the rotation matrix RB

W ∈ SO(3).
The body velocity vB of the multirotor has the following kinematic relation:

vB =

[
RB

W 0
0 T B

W

][
ṗW

ωW

]
(5.1)

The velocity vector of the camera vC = [ṗC,ωC]T , in the camera frame C, can be derived
from the combination of the arm kinematics and the multirotor motion and is represented by
vC = vB

C + vM
C or:

vM
C =

[
RM

C −RM
C S

(
rM

EC

)
0 RM

C

]
vM (5.2)
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where RM
C indicates the rotation of the manipulator base to the camera coordinate frame and rM

EC
is the distance between the end-effector and the camera frame, expressed in the manipulator’s
coordinate frame:

vB
C =

[
RB

C −RB
CS

(
rCB
C

)
0 RB

C

]
vB (5.3)

where rCB
C is the distance between the camera and the base frame, which depends to the direct

kinematics of the manipulator. More specifically, the combination of vC = vB
C + vM

C with (5.2)
and (5.3), while taking under consideration ẋ, lead to the following relationship between the
velocities:

vC = Jcoupled · ẋ (5.4)

where Jcoupled is the combined MAV’s Jacobian matrix.

5.3 Object Tracking

On of the baseline components for an ARW to fulfill autonomous guidance for aerial manipu-
lation tasks is perception. More specifically, vision is considered a primary cue because of the
rich information it can provide and is the key for a robust and reliable operation of the aerial
platform. Within this work, the perception capabilities focus on target detection and tracking
using the onboard camera, as well as the stereo processing module to extract the target way-
point. The object tracker forms the core module for a robust and stable aerial guidance system,
to address challenges posed in complex environments, such as out-of-view events and back-
ground clutter [256] . During the years multiple efficient tracking algorithms [257] have been
proposed, but many algorithms are not suitable for MAV applications, since they require high
computational resources.

A tracking category that could address these challenges are the tracking-by-detection al-
gorithms. Briefly, these tracking algorithms are treated as binary classification methods, since
they constantly try to discriminate between the target and the background using decision bound-
aries. The tracking mechanism is online using patches of both target and background captured
in recent and past frames. The proposed tracking-by-detection approach during the manip-
ulation guidance, is based on the Kernelized Correlation Filter (KCF) [31]. However, this
version of KCF has been modified further to handle robustly target loss events (target occlu-
sions and target out-of-view) by incorporating: 1) an adaptive appearance model update, and
2) a re-detection process, while retaining an overall computational efficiency, with Figure 5.8
to present the overall software architecture of the modified visual tracker.

The outcome of this process results in a 2D bounding box, defined as a set B with xb and
yb cooridnates (Equation 5.5).

B = {(xb,yb) ∈ R2| xmin < xb < xmax , ymin < yb < ymax} (5.5)

where {(xmin,ymin),(xmin,ymax),(xmax,ymin),(xmax,ymax)} are the four corners of the bounding
box in the image plane.
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Figure 5.8: Software Architecture of the modified visual tracker

KCF Tracker

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 〈φkc f (xkc f m,n),wkc f 〉= ykc f of a target from a single patch xkc f , 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 xkc f 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 Ckc f (Equation 5.6)
over wkc f , where φkc f is the mapping to the feature space defined by the kernel k( f ,g) =
〈φkc f ( f ),φ(g)〉 and λ is a regularization parameter. The regression target ykc f (m,n) ∈ [0,1] is
generated considering a Gaussian function.

Ckc f = ∑
m,n
|〈φkc f (xkc f m,n),wkc f 〉− ykc f (m,n)|2 +λ 〈wkc f ,wkc f 〉 (5.6)

By denoting F the Discrete Fourier Transform (DFT) operator, the cost function is mini-
mized by wkc f = ∑m,n αkc f (m,n)φkc f (xkc f m,n), where the coefficients αkc f are calculated from

A = F(αkc f ) =
F(ykc f )

F(ux)+λ
and ux(m,n) = k(xkc f m,n,xkc f ) is the output of the kernel function.

During the detection step, a patch zkc f of size M×N is cropped out in the new frame. The
algorithm computes the detection scores, considering the cyclic shift alterations of zkc f , as
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ˆykc f = F−1{AUz}, where Uz is the Fourier transformed kernel output of the example patch zkc f .
The target position in the new frame is estimated by finding the translation that maximizes the
score ˆykc f . Finally, the target model is updated over time. In the KCF tracker the model consists
of the learned target appearance model ˆxkc f and the transformed classifier dual space coeffi-
cients akc f . Within the classifier update of the target appearance model {x j

kc f : j = 1, . . . , p}
includes information from the previous 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.

5.3.1 Target Re-detection

Due to the inherent aggressive characteristics of the MAVs, it is frequent that some disturbances
(external, small displacements while approaching an area, obstacles) will trigger target loss
events during tracking. These loss events consist a temporary situation where the target lies
outside the field of view of the camera. Although, the target loss can happen randomly and will
last shortly most of the times, it can deteriorate the resulting outcome and as a consequence
affect the performance and the stability of the platform. Regarding KCF, the tracker is partially
able to handle such situations but in most of the cases, related to the MAV’s tasks, it fails mainly
due to the model contamination issues (fixed learning rate) during the model update. Another
issue is that the tracker limits the search area of the target close to its neighborhood, but it may
happen that the target will re-appear in a different location, away from the search area. This
work overcomes these challenges by proposing and integrating a novel re-detection scheme,
based on template matching in the KCF pipeline, to identify the target once it appears after the
loss in any part of the frame, define a bounding box around it and restart the tracking sequence.
During the tracking process, the target is identified by examining the detection scores ˆykc f
over all the patches zkc f . The response of the regression target denotes the similarity measure
between the patch and the target, therefore the tracker selects always the maximum response for
maximum similarity. In case of partial or full target loss event, the value of ˆykc f max decreases
towards 0, thus, this variable, based on an experimentally derived threshold (ykc f th), could
be used to denote these situations. The re-detection module is incorporated to the tracking
algorithm by comparing the current value ˆykc f max to the threshold.

Within this work, a template matching algorithm based on normalized cross correlation [258]
has been integrated to the system. The template matcher returns the position of the target.
When the tracking process is initialized, the matcher selects as template the patch included
in the bounding box provided by the user. Moreover, since the guidance task is dynamic and
the view of the target will change, while the task execution evolves, the matcher updates the
template with the patch included in the bounding box before a target loss happens. Addition-
ally, since the MAV approaches the target, without loss of generality, apart from the normal
size, the matcher uses also a scaled up and a scaled down version of the template to increase
the re-detection span. When the target is re-detected the region is evaluated by the regression
function for the new frame.
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5.3.2 Robust Model Update for target-loss event handling
It has been already stated that a downside of the original KCF implementation is the model
update contamination in cases of target loss events. In this case, the tracker continues to update
the model using false information from the current frame, varying the model template and
leading to wrong detection results. When the target is occluded for a long period, the model
contamination is severe, which makes the tracker to fail the detection, after the target lies again
within the field of view of the camera. Another contribution in the presented approach is the
fact that the update process of KCF has been made adaptive to the detection score ˆykc f , using
the threshold value ˆykc fth . When the target is occluded (partially or fully), the process does not
update the model by keeping the last known values, as shown in (5.7):

ˆxkc f
k =

{(
1−β0 ˆykc f max

)
ˆxkc f

k−1 +β0 ˆykc f max ˆxkc f
k, ˆykc f max ≥ ˆykc f th

ˆxkc f
k−1, ˆykc f max < ˆykc f th

ak
kc f =

{(
1−β0 ˆykc f max

)
ak−1

kc f +β0 ˆykc f maxak
kc f , ˆykc f max ≥ ˆykc f th

ak−1
kc f , ˆykc f max < ˆykc f th

(5.7)

with β0 the parameter for the learning rate, ˆykc f th the threshold for checking the target loss
event, akc f the dual space coefficients and ˆxkc f target appearance model.

5.4 Stereo based Guidance
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 reconstruction ca-
pabilities 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) [259]
method.The stereo mapping function S(x,y) maps a point (x,y) from the image pixel coordinate
frame to the camera frame as shown in Equation 5.8.

S(x,y) = (X ,Y,Z) (5.8)

Thus, a pointcloud P is formulated as P = {S(x,y)}. A pointcloud filtering method is pro-
posed to robustly isolate the region of interest, combining information from both the dense
mapping and the object tracker presented in Section 5.3. More specifically, the points belong-
ing to the 2D bounding box B are translated to a pointcloud Pbounded using the stereo mapping
function as

Pbounded = {S(x,y)| x ∈ xb , y ∈ yb} (5.9)
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In the proposed system the centroid extraction depends on the processed pointlcoud, there-
fore additional background parts in the model will downgrade the accuracy of the centroid.
Therefore the clustering method Region Growing Segmentation [260], part of the pointcloud
processing component (Figure 5.6) is implemented using smooth constraints, to partition Pbounded
into separate regions. The clustering of the bounded 3D points into groups is selected to re-
move 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 also
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 clusters 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 centroid
[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 [261] 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 [262]. Figure 5.9 provides a step-
wise visualization 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 in the right.

Figure 5.9: Pointcloud filtering steps, on the left the original pointcloud, in the middle the
clustered pointcloud and on the right the final filtered pointcloud including the whole target

The centroid information is transfered to the body frame of the aerial vehicle B using the
transformation from camera as well as the manipulators kinematics. The stereo guidance sub-
system is finalized with the generation of the proper waypoint W p= [pW ,Φ] using the extracted
centroid location, where pW represent the x,y,z positions in frame W , while Φ the orientation
of the MAV in frame W . In this case the aerial manipulator is given a predefined joint con-
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figuration q1,q2,q3,q4 according to the task requirements. The MAV waypoint is converted
into position-velocity-yaw trajectory, which is provided to the utilized linear model predictive
controller. The trajectory generator takes into account the sampling time Ts of the position
controller and the desired velocity along the path, denoted by ~Vd . The trajectory points are ob-
tained by linear interpolation 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. The overall process is summarized in Algorithm 4.

Algorithm 4 Stereo Guidance
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 ,Φ←Waypoint Extraction(xc,yc,zc)

end for

5.5 Visual Servoing Module
The proposed system consists of two subcomponents, namely the stereo module and the IBVS
module. Based on the literature, the stereo module can be considered as a PBVS, since it
utilizes the 3D information of the target. Nevertheless, the system incorporates the IBVS
module, in a hybrid architecture, combining initially the global stability of the PBVS method,
with the robustness of the IBVS to calibration errors, tracking noise and fast update rate.

5.5.1 Visual Features

The main idea of the guidance scheme is to drive the end-effector of the aerial manipulator
close to the target. This task can be applied by commanding the platform to navigate around
the object at a relative desired distance, while keeping the object always within the camera field
of view and is assigned to the visual servoing component. This component has the responsi-
bility to: a) generate the camera velocities, b) decouple and transfer them to the manipulator’s
joints, c) create MAV position references for the high level position controllers, and d) process
the visual data as feedback. The robust detection and tracking scheme based on KCF is also
integrated in this module, therefore the IBVS should be able to process the resulting bounding
box. The selection of the visual features s for the servoing task is critical for the performance
of the overall process, since the visual features influence the convergence of the method to a
stable point. Therefore, the IBVS design should take into account all the DoFs of the camera
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by defining enough independent features that decouple it’s motion. In the thesis, the camera is
in an eye-in-hand configuration, firmly attached to the end-effector. The camera velocity with
respect to the target and expressed in the C frame is vC = [ṗC,ωC]T , with ṗC = [ṗCx , ṗCy , ṗCz]T

and ωC = [ωCx ,ωCy,ωCz]T . The system considers various features to cover the span of all
DoFs of the camera to generate the camera velocity references, thus features consisted of point
coordinates x = (x,y) in the image plane is considered in this case.

Considering the camera velocity vC and observing a point P with camera relative co-
ordinates P = (X ,Y,Z), the velocity of P, relative to the camera frame, is denoted as Ṗ =
−ω×P− vC. Furthermore, by considering a perspective projection and a temporal derivative,
the feature velocities, in normalized coordinates, are related to the camera velocity with the
following equation ṡ = LsvC, where Ls is known as the interaction matrix related to feature s.
For the point feature case, the interaction matrix is inversely proportional to the depth between
the camera and the point and usually an estimation of Ls is considered in the image based visual
servoing, considering a constant value for Z during the task. Moreover, although the interac-
tion matrix incorporates non-linearities in the system that affect the behavior of the trajectories,
generated in the image space and in 3D world frame, their effect is negligible when the MAV
has to perform small displacements relative to the target. The latter is applicable, since the
proposed system includes the stereo vision guidance module to navigate the MAV close to the
target and let the visual servoing to keep track of the target by generating micromovements
of the manipulator and the MAV. To this end, the system considers 4 points (the corners of
the bounding box) as the visual features of the servo scheme, to properly generate the MAV
commands.

5.5.2 Kinematic Modeling and Control Law

In IBVS both the error and the control law are expressed in the image space, minimizing
the error between the observed and desired image feature coordinates. As a consequence,
IBVS schemes do not need any a priori knowledge of the three-dimensional (3-D) structure
of the observed scene. The aim of the image-based control scheme is to minimize the error
e(t) = s(t)− s?, where s(t) are the current image coordinates of the set of features, and s? are
the desired positions in the image plane. The camera velocity extracted from IBVS scheme is
expressed with the control law vC = −ΛsL+

s e, where L+
s denotes the Moore-Pennrose pseudo

inverse matrix of Ls. Combining Equation 5.4 with the vC from IBVS, the states for the coupled
system can be calculated. More specifically, ẋ for the system is expressed with Jcoupled ẋ =
−ΛsL+

s e, where both the MAV and the manipulator contribute to the camera velocities. Since
the MAV is under-actuated the non-controllable variables, ωBx and ωBy are isolated from the
control command, which leads to Jsẋ+ J̄sω̄ =−ΛsL+

s e. Finally, the velocity commands for the
overall platform are ẋ = J+s ξ , where J+s is the pseudo inverse matrix of the controlled variables
Jacobian and ξ =−ΛsL+

s e− J̄sω̄ .
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5.6 Experimental Results
The developed guidance system has been extensively tested in real scale experimental trials.
The evaluation was performed indoors in the Field Robotics lab flight arena located at Luleå
University of Technology. The flight arena covers a volume of 5× 5× 3 m3. The validation
process is two-fold, representing each part of the proposed system. More specifically, the
tests were focused, initially, on the performance of the visual tracking standalone system. The
second validation step considered the guidance submodule based on stereo processing for the
case of target monitoring.

5.6.1 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 hov-
ering, longitudinal and lateral motions. The main goal is to provide an insight of the tracker
capabilities to track targets with different characteristics (e.g. shape, color) during the deploy-
ment of the aerial manipulator, while on the other hand analyze the computation time of this
module. To this end, the trials have been performed considering three different types of objects
to track: 1) a planar pattern, 2) a custom 3D printed object with rectangular base housing a
semicircle, and 3) a screwdriver tool, which are targets with incremental complexity. More-
over, the computational analysis considers the execution times of the aforementioned parts
using the available hardware system (as presented in Section 5.1), while it has been realized
through ROS.

Figure 5.10 demonstrates the use of KCF in the current guidance system. More specifically,
the figure provides snapshots of different instances from the onboard visual sensor of the two
objects, showing the ability to continuously monitor the target that lies within the field of view
of the camera.

The system has undergone an analysis of the computation time for the most critical parts
1) the object tracker and 2) the point cloud processing part of the stereo module. The results
consider the execution time for 100 executions of each part, which are visualized in following
histograms (Figures 5.11a, 5.11b). The results show that the stereo processing module is the
most computational demanding process of the proposed system with an average performance
of 0.4584 sec per run. On the other hand, the tracker execution time averages an 0.0121sec.
Additional timing dependencies of the system depend on the internal communication architec-
ture of ROS, on network latencies, as well as the camera frame rate.

UAV123 dataset comparison

The main aim of the proposed tracking system is to define a tracking scheme that is robust to
re-detections, while keeping a fast update rate. To this end, the proposed system employs a
modified version of the KCF tracking algorithm. To accurately evaluate the performance of the
modified tracker in terms of the desired attributes, a proper comparison has been performed
with the publicly available dataset UAV123 [263]. More specifically, the precision and success
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Figure 5.10: 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 (Video
Link at: https://youtu.be/a7g_2Ip2VWE)
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(a) Stereo module (b) object tracker

Figure 5.11: Execution time versus number of encountered time delays after a set of 100
executions for the visual tracker

plots of One Pass Evaluation (OPE) have been extracted in comparison with the original KCF
algorithm. The UAV123 dataset contains 123 video sequences from aerial vehicles taken from
different viewpoints and locations. The majority of these data include sequences of moving
targets (person, boats, cars, trucks) from high altitudes, cases that have not been considered
for the modified tracker. More specifically, the tracker is designed mainly for static targets,
without excluding dynamic behaviors of the targets, while flying in close proximity to the
target, where target loss events can happen frequently. The majority of the available sequences
are not applicable for the envisioned deployment of the proposed system and therefore have
been excluded to provide a comparison that is aligned with the desired attributes.

The following results (Figure 5.12) depict the precision and success plots of the modified
KCF and the original KCF using the person8 and group2 datasets. For the precision the trackers
ranked at 20 pixels, whereas the success rate plots are ranked based on 0.5 overlap threshold.
The proposed algorithm outperforms the original KCF by around 23% at 20 pixel precision,
while is almost 25% improved in terms of target loss events in success plot.
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Figure 5.12: Precision and Success plots of OPE comparing the proposed KCF with the origin
KCF on datasets person8" and group2", which are part of the UAV123 benchmarking dataset
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Target Re-detection lab trials

The series of these experiments include the manual navigation of the ARW in the frontal area
of the object of interest. The MAV is flying in different paths, including hovering, longitudinal
and lateral motions relative to the target, as well as approaching and moving further from the
target. The aim is to qualitatively evaluate the re-detection capabilities when the object re-
appears after is gone outside the field of view. The trials have been performed considering two
generic objects to track: a) a planar pattern (object 1) and b) a custom 3D printed object with
rectangular base housing a semicircle (object 2). It should be highlighted that the experiments
were conducted on a lab environment. During these trials the target may go out-of-view repeat-
edly in the same trial, where the duration can vary based on the motion of the MAV. Table 5.2
presents a summary of target lost and re-detection timings during the experimental trials. The
re-detection part of the modified tracker is able to perform fast in most cases. Nevertheless,
object 2 experiments demonstrate also the limitation of KCF related to it’s sensitivity to back-
ground similarities with the target, where the tracking could fail shortly. The aforementioned
is shown in lost event #2 of object 2 in the Table.

Table 5.2: Target Lost and Re-detected duration time for 2 object in lab trials - Qualitative
analysis

Object 1 Object 2

#1 #2 #3 #1 #2

Target lost (duration) 2.2s 2.6s 1.8s 8.6s 0.8s

Target re-detect (duration) 0.1s 0.3s 0.1s 0.5s 8s

5.6.2 Guidance system
This section presents a computational analysis on the execution times of the major components
of the proposed method, as well as experimental trials of the complete hybrid guidance process.

Computational analysis

The system has undergone a analysis of the computation time for the most critical parts, with
respect to real-time requirements. To this end, specific focus has been provided to: 1) the object
tracker, 2) the point cloud filtering part of the stereo module, and 3) the feature processing and
trajectory generation for the coupled system from the IBVS module. It should be mentioned
that the computational analysis considers the execution times of the aforementioned parts using
the available hardware system (as presented in Section 5.3), while it has been realized through
the Robot Operating System. The results consider the execution time for 100 executions of
each part, which are visualized in following histograms (Figure 5.13). The results show that
the stereo processing module is the most computational demanding process of the proposed
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system with an average performance of 0.4584 sec per run. On the other hand, the tracker
execution time averages an 0.0121sec, while the IBVS part is the fastest with an average of
0.00006 sec execution time. Additional timing dependences of the system depend on the in-
ternal communication architecture of ROS, on network latencies, as well as the camera frame
rate.

Figure 5.13: Execution Times versus number of encountered time delays after a set of 100
executions for the stereo module (left), the visual tracker (Middle) and the Visual servoing
(right).

5.6.3 Stereo based guidance

This section presents the validation of the proposed 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 experimental trials examine the performance of the system in terms
of task execution and accuracy regarding the end-effector - target alignment. A merit of this
approach is the depth information derived from the stereo system, which simplifies it’s ar-
chitecture. Nevertheless, it is crucial to mention that the performance depends on the stereo
camera specifications.

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 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 in 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 are 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. Afterwards, 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.

Within this work three experimental trials have been performed to showcase the perfor-
mance of the system in various situations. More specifically, experiments one and two deal
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with the same target but different monitoring positions, while experiment three presents the
system operation with a different target.

Figure 5.14 depicts the 3D trajectory followed by the aerial platform, while Figure 5.15
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 measurements in the W frame. The Figure 5.15
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 experiment
successfully. Moreover, the MAV is able to hover in front of the object at a desired distance.

Figure 5.14: MAV actual trajectory derived from the experimental trials of the stereo-based
guidance. Case 1: relative distance with the target 25cm. The developed guidance sys-
tem contributes to the task with the red and green 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 parts of the trajectory constitute the initialization (hover-
ing on a fixed position) and termination phases (landing) of the experiment. (Video Link
at:https://youtu.be/MObjUF1NI-8

Similarly, Figure 5.16 depicts the 3D trajectory followed by the aerial platform, while
Figure 5.17 depicts the path of the end-effector position versus the execution time of the ex-
periment. 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. Figure 5.18 depicts the 3D trajectory followed by the aerial platform,
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Figure 5.15: 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.
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Figure 5.16: 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 and green part of the overall trajectory. The red part
is followed after the extraction of the centroid, while in the green part the robotic plat-
form is hovering. The blue parts of the trajectory consist the initialization (hovering on a
fixed position) and termination phases (landing) of the experiment. (Video Link at:https:
//youtu.be/MObjUF1NI-8

while Figure 5.19 depicts the path of the end-effector position versus the execution iterations
of the experiment. In this case the object 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.

Those three experimental cases demonstrate the capabilities of the method, highlighting
that the system can reach task-desired configurations. Table 5.3 summarizes the relative dis-
tance to the object as well as the MAE for the real world experiments. The MAE values
correspond to the hovering part in the relative position to the target and not the overall trajec-
tory followed. The experimental trials show that the system is able to extract the depth with a
substantial accuracy, while the other waypoints depend on the extracted bounding box.

Table 5.3: Reference distance to the target and MAE

Experiment 1 Experiment 2 Experiment 3
Distance to target 0.25m y-axis 0m y-axis 0.6m x-axis
Relative X MAE 0.098m 0.07m 0.02m
Relative Y MAE 0.025m 0.08m 0.08m
Relative Z MAE 0.07m 0.10m 0.10m
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Figure 5.17: End-effector setpoints vs the actual setpoints for the second experiment. The plots
represent the initialization phase (centroid and waypoint calculation, the waypoint following,
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Figure 5.18: Snapshot from the experimental trials of the stereo-based guidance, depicting
the MAV hovering in front of the second object. (Video Link at:https://youtu.be/
MObjUF1NI-8

The average time of execution from take-off till landing was about 2.5min, while the stereo
module standalone takes around 1min. Nevertheless, experiment three demonstrates that the
second object is more challenging to track and monitor, since it has smaller size inducing errors
in the centroid extraction, which leads to greater deviations from the reference values.

Apart from the depth accuracy of the camera the bounding box selection from the object
tracker is also critical for the centroid extraction. Figure 5.20 demonstrates a case where the
extracted bounding box includes part of the background of the object on the right part, adding
an offset on x axis in the centroid measurement. Overall, this system is able to guide the end-
effector in close proximity with the target and can assist in the task of guidance as the initial
step.

Hybrid system experiments

This section demonstrates the lab trials when deploying the full hybrid system. The presented
results consider the application scenario of target monitoring, where the goal is to drive and
hover the end-effector at a desired position relative to the target. The experimental protocol
followed in this work considers, firstly the initialization phase where the MAV takes-off and
the manipulator is powered-on. As discussed in Section 5.4 the exploration phase is excluded
from the trials and therefore after the initialization the target is assumed “visible” from both the
visual and stereo sensor. Afterwards, the stereo module is activated to generate the trajectory
command for the MAV and guide the end-effector in close proximity to the object 1. Finally,
when the MAV settles within the commanded pose, while hovering, the IBVS module is ac-
tivated to provide velocity commands for the continuous position update of the end-effector
relative to the target.
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Figure 5.19: 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.



146 AERIAL MANIPULATOR GUIDANCE

Figure 5.20: Pointcloud of the object having extracted the surrounding environment and the
calculated centroid of the target depicted with the purple colored sphere.

Multiple runs of the system have been performed to identify both the advantages and lim-
itations of the proposed method. Furthermore, to support the merit of generic object tracking,
the guidance system has been examined for two separate objects. To this end, similarly to
Section 5.6.1 the lab trials considered objects that differ in color, size and geometrical shape,
while Figure 5.21 depicts instances from the experiments with the selected objects.

To evaluate the performance of the system the results from the guidance have been com-
pared with ground truth measurements. More specifically, before the actual experimentation,
the desired position of the end-effector has been chosen and acquired using a VICON motion
capture system, while the collected data have been used only for evaluation purposes. More-
over, during the recording of the ground truth pose, the desired feature positions for the IBVS
have also been selected, based on the bounding box information. After receiving all the nec-
essary data for post-comparison, the system has been deployed. Figures 5.22 and 5.23 depict
the actual trajectories followed by the aerial platform, showcasing a single run for each object,
where the contribution of each module is highlighted with different line style. The desired
end-effector position is also visualized as a red dot in 3D space.

The Table 5.4 presents the MAE of the end-effector position acquired from the experiment
and compared with the ground truth. In all runs, the error in height (z axis) is higher compared
to x and y axis, an issue raised from the onboard position controller that cannot stabilize com-
pletely the hovering pose. Additionally, based on the results on run 2 of object 1, aggressive
tuning (λ = 10) of the IBVS part could result in higher errors positions in x axis around 20cm.
This overshoot is also partially affected by out-of-view events, where the re-detection is applied
by re-defining the bounding box with small drift in position and generating velocity commands
for a slightly modified object. Furthermore, although in every trial the initial bounding box for
the tracking is different, since it is selected during the flight, the system is able to compensate
this differences up to a point. For the case of the object 2, the size is smaller, challenging
both the stereo processing and the tracker. The performed trials demonstrate that the accu-
racy decreases, affecting slightly the x and z axis, but the system is still operational and able
to fulfill the monitoring task. Regarding objects 1 and 2, the error metrics depict that overall
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the system is able to complete the guidance task, while converging to the desired pose, within
some tolerance bounds. Further tuning of the guidance algorithm and dedicated control design
for the platform could potentially improve further the performance. Since the experimental
trials are related to target monitoring, the motion contribution on the end-effector position has
been weighted in a way to let the MAV perform major motion and leave the manipulator joint
motion for fine tune adjustments.

Figure 5.21: Left MAV hovering in front of the first target, Right MAV hovering in front of the
second target.

Table 5.4: MAE error in end-effector position compared to the desired position

MAE (m) Object 1 Object2
Run 1 Run2 Run3 Run1 Run2 Run3

X 0.0533 0.2081 0.0650 0.1065 0.1081 0.0746
Y 0.0274 0.0272 0.0490 0.0387 0.0471 0.1213
Z 0.1195 0.1622 0.1170 0.1745 0.1623 0.1778

5.6.4 Final Remarks & Future Directions

Throughout the experimental trials many different experiences were gained that assisted in the
development and tuning of the algorithms utilized. Based on this experiences, an overview
of the lessons learned is provided including insights on the further developments in the field.
This work, compared to the state of the art, tried to highlight the challenges of two major
components that are critical for the guidance of the aerial manipulator, namely: 1) the object
tracking and 2) the object localization. Overall, from a practical point of view, the aerial
manipulator will be mainly utilized in cases that require interaction with the environment either
with objects, surfaces or other generic regions of interest. In these cases the critical part is the
sequential tracking of the object in multiple frames rather than the initial detection, since this
role can be played by the operator. Moreover, once the object ha been identified in multiple
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Figure 5.22: Actual trajectory followed of the end-effector during the guidance task for object
1 (Run 1). The desired point is depicted with red circle. The dashed line represents the trajec-
tory followed during the stereo module, while the solid line is the trajectory during the IBVS
module.

Figure 5.23: Actual trajectory followed of the end-effector during the guidance task for object
2 (Run 3). The desired point is depicted with red circle. The dashed line represents the trajec-
tory followed during the stereo module, while the solid line is the trajectory during the IBVS
module.
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frames it should be localized relative to the end-effector to generate the proper commands.
Below are listed some challenges in different aspects of the end-effector guidance process.

Fast tracking: The ability to track the object in real time. In this work the utilized tracker
was able to operate at the camera FPS (20 FPS) on an Intel NUC i7-5557U. The tracking speed
depends on the application needs and there are other factors that can limit it except the tracking
like the camera FPS. This tracker is suitable and recommended for real time applications.

Generic object detection: Ability to detect generic objects (without prior knowledge on
geometry, shape, motion, color) depending on the application requirements. Section 5.6.1
presents experimental trials on the generic object tracking capabilities. The algorithm requires
an initial detection of the target, provided from an object detection algorithm or the opera-
tor and then is able to continue tracking it. The tracker shows substantial performance when
tracking non identical and distinctive from their surroundings objects, regions/surfaces and is
recommended for the respective application scenarios.

Object Re-detection: The ability to continue tracking the object after a loss event (target
occlusion or target out-of-view) that often occur with abrupt motions. The current version
of the tracker does not handle target re-detections, which is a major point for future work
and improvements. Once the object is outside the field of view the tracking algorithm cannot
recover.

Morphology handling: The ability to continue tracking the object when the morphology of
the object changes due to different viewing angles/distances. The tracker is able to continue
tracking the object up to an extent. There were cases where the MAV was flying around an
object and the tracker was losing the object, while part of the object was still inside the field of
view of the camera. The general experience gathered from the experimental trials showed that
the tracker was able to handle 30-40% morphological angle distortions before losing track. On
the other hand, the tracker shows substantial performance when varying relative distance to the
target adapting the bounding box respectively. This tracker is recommended for cases when the
guidance scenario aims to bring the end-effector close to the object without involving major
angle distortions. Nevertheless, when the object is lost from the angle distortion the operator
can re-initialize the tracking and continue the guidance.

Complex regions of interest: The ability to continue tracking the object of interest when
the surrounding environment is complex and is difficult to distinguish them. Section 5.6.1
provides an example where the background and the object of interest have similar appearance
and it is difficult for the tracker to operate without modifying the background. Case 3 of the
object tracking is an example of the limitations and failure cases of the tracker. This tracker is
not recommended in cases where the object is similar to its surroundings.
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Depth perception: In realistic manipulation tasks, like cleaning tasks, it is imperative to have
a dense and accurate estimation of the robots workspace. In this work a custom made stereo
camera has been employed as described in Section 5.4. The camera baseline was fixed at
10 cm. The stereo sensor was able to provide reasonable accuracy within a workspace of 2 m
keeping the depth error with a mean value of 5 cm. Moreover, the camera intrinsic and ex-
trinsic calibration is a fundamental process that affects its performance and should be repeated
before every experiment. Overall, the performance of the specific hardware was substantial
for experimental trials in the lab. Nevertheless, the depth perception plays an important role in
the proposed guidance scheme and other alternatives could be also explored in future works to
increase both accuracy and the range of the active workspace.

The aim of this Chapter was to rpesent a vision-based guidance system, structured around
a robust object tracker, for aerial manipulation, characterized by two modes: a) the stereo pro-
cessing, and b) the visual servoing mode for repeated target tracking. This work established
a novel perception module to assist the aerial manipulator tasks towards autonomous task ex-
ecution and general aerial interaction with the environment or other flying objects. The effec-
tiveness of the proposed scheme was experimentally demonstrated in multiple runs of increas-
ing complexity. The proposed system is considered the necessary tool to enable autonomous
physical interaction tasks. Two different types of experiments have been presented to demon-
strate the merits of the proposed method. Initially the object tracker has experimentally shown
generic target tracking capabilities based on 3 different cases of objects. Additionally, the sec-
ond experimental phase focused on the performance of the stereo-vision guidance scheme. It
should be stated that the system has been limited to approaching the target and not interacting
with it, since during interaction, the MAV, the manipulator and the object are becoming a cou-
pled system, that needs different overall control reconfiguration and it is considered as out of
the scope for this work.

Aerial Manipulation is a research field that is still limited for real life deployment. Sig-
nificant work remains to be undertaken in the field including aerial manipulation of mov-
ing objects,anti-UAV combatting by aerial manipulation, and air-ground mobile cooperative
manipulation. Furthermore, additional and important remaining challenges are connected to
manipulator guidance, navigation, control, planning and perception for either single agent or
multiple agents.



CHAPTER 6

Visual Inspection of Windturbines
using Aerial Vehicles

6.1 Aerial Data Acquisition System
This work, inspired by the increasing capabilities of MAVs, establishes an autonomous aerial
system, which is specialized in large scale industrial facilities. The system is realized by either
a single agent or a team of agents and is characterized by advanced localization and structure
coverage capabilities, all demonstrated in real life by inspecting a wind turbine power plant,
where the aim of the system is to provide visual data to infrastructure owners for further analy-
sis and asset management. The overall scheme of the proposed system is depicted in Figure 6.1.
The following Sections present all components developed by the Robotics Team at LTU within
the AEROWORKS project.

6.1.1 Field Trials and Open Challenges
During the development of the proposed aerial framework, the wind turbine site located in
Bureå, Sweden have been visited multiple times. In these sites, the wind speed was measured
up to 13 m/s, while the wind turbine structure had a base diameter of approximately 4.5 m,
with a top diameter of approximately 1.5 m and with the height of the tower being 64 m.
Moreover, the length of each blade was 22 m with a corresponding cord length, at the root of
the blade, of approximately 2 m and at the top of the blade of 0.2 m, while the length of the
hub and nacelle was approximately 4 m.

Operating MAVs outside the lab, and especially around large scale infrastructures such as
wind turbines, raises significant multidisciplinary research issues where one of the most im-
portant is to provide an accurate localization system that at the same time would be easily
deployable. At the wind turbines the GPS solution fails at low height due to the multipath
errors, which happen when the GPS receiver cannot distinguish a direct signal from a reflec-
tion, a fact that causes significant errors in the measurements. Usually, the GPS works well
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Figure 6.1: An overview of the overall system

in positions where the interference from the building is small enough, however this is only at
significant heights in this case. Moreover, the trending technology of visual inertial odometry,
opposite to GPS, cannot provide reliable localization feedback in high altitudes. These algo-
rithms base part of their processing in visual measurements by detecting areas of high contrast
and texture. More specifically, in high altitudes this processing becomes unreliable, since they
cannot detect and extract distinctive features from the environment due to lack of feature-rich
local surfaces/areas, e.g. in the case of wind turbines which are simply described by a flat
white color. This makes it difficult for the visual inertial odometry software to converge its
state of movement to the actual state. As depicted in Figure 6.2, the detected features are far-
away, while there are no features on the wind turbine tower itself except for unstable boundary
features, and egomotion causes very little feature movement to the background.

Furthermore, the challenges of the visual sensors, identified for localization, extends also
to other visual processing tasks, such as 3D reconstruction, where during the performed exper-
imental trials it was found that the depth and stereo sensors failed to provide a solid 3D model
of the wind turbine. Additionally, MAVs provide a limited flight time, which can be affected
by external disturbances, such as wind gusts, payloads and temperature of the environment.
This limits the feasibility of the mission with one MAV, especially in large scale structures,
such as wind turbines. Moreover, strong wind gusts cause significant drift of the MAV from
the predefined trajectory and it should be compensated by the MAV’s position controller. Thus
the limited flight time and the deviation from the trajectory should taken under consideration
or the overall system can fail to perform the task, or even worse result in a collision with the
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Figure 6.2: A sample of features detected on the wind turbine tower and the surrounding
environment.

infrastructure that might cause damages to both the infrastructure and the aerial platform.

6.1.2 System Hardware

MAV

For the envisioned aerial inspection system for large scale infrastructures, the Ascending Tech-
nologies NEO hexacopter was utilized as the MAV platform, where in Figure 6.3 the overall
specifications and the selected sensors are presented. This platform is capable of providing a
flight time of up to 26 min without payload and in ideal conditions, with a maximum payload
capacity up to 2 kg. For onboard processing, the belly of the MAV contains an Intel NUC com-
puter with a Core i7-5557U and 8 GB of RAM that runs Ubuntu Server 16.04 with the ROS as
its core. The platform has been equipped with a large set of different sensors, as depicted in
Figure 6.3, where each component will be explained in the sequel.

Localization system

Due to the feature-less surface of the wind turbines for visual odometry and the existence
of multipath errors in the GPS measurements, as was discussed in the prequel, the localization
algorithms based on cameras and GPS failed during the field trials, and thus the proposed local-
ization system was based on UWB and IMU fusion. This component is extensively explained
in Section 6.1.4.
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Figure 6.3: AscTec NEO platform equipped with the utilized full sensory system for the aerial
inspection.

Sensor suite

The proposed sensory suite for the aerial system included 3 different cameras: a) the Visual-
Inertial (VI) sensor, b) the GoPro Hero4, c) the PlayStation Eye, and an additional laser range
finder RPLidar, as depicted in Figure 6.3. The VI sensor developed by Skybotix AG with
a weight of 0.117 kg was attached below the hexacopter with a 45 ◦ tilt from the horizontal
plane, which is a monochrome, high dynamic range, global shutter stereo camera with 120 ◦

DFOV and with a resolution of 752x480 pixels, moreover it is housing an Analog Devices
ADIS16445 tactical grade IMU. Both cameras and IMU were tightly temporally aligned with
hardware synchronization, while the cameras were operated at 20 fps. The GoPro Hero4 cam-
era was attached on top of the hexacopter facing forward with a weight of 0.2 kg, while it was
capable of recording high-definition video at various resolutions, ranging from 720p to 4000p
and at a rate of 15-120 fps, while during the experimental trials the camera was operated with
a 2K resolution at 30 fps. The Playstation Eye camera was attached in the middle of the hexa-
copters housing, facing forward with a weight of 0.150 kg, this camera was operated at 20 fps
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and with a resolution of 640x480 pixels. The variety in the specifications of the camera suite
was motivated by the need to test their performance under challenging conditions, regarding
the dataset collection. Thus, the main aim was to use the captured frames for direct visual
inspection by experts in the structure maintenance, while the data from the VI sensor and the
GoPro camera were also used to provide 3D models of the inspected parts. Finally, RPLi-
dar was a low cost laser sensor, which provides a 360◦ scan field at a 5.5 Hz/10 Hz rotating
frequency with guaranteed 8 meter range. This laser scanner has also been tested during the
experimental trials for enabling the online obstacle avoidance schemes.

6.1.3 Cooperative Coverage Path Planner

Towards the vision of the inspector MAV, the theoretical framework established in [19] is
integrated in the autonomous framework and experimentally tested in the complex case of a
wind turbine structure. The major difference of the application scenario is the scale difference
between the campus fountain and a real wind turbine, 10 meters height compared to 60 meters
height respectively. Moreover, another consideration among those two types of infrastructure
is the location, where the fountain is located in a public space at the university, while the wind
turbine is located in a windy private place without any public access. Briefly, the coverage
scheme is capable of providing a path for accomplishing a full coverage of the infrastructure,
without any shape simplification, by slicing it by horizontal planes to identify branches of the
infrastructure and assign specific areas to each agent. Complicated structures have multiple
branches e.g. in wind turbine the base and each blade are considered as branches, where the
proposed method identifies these branches and assign paths to n agents. If the structure has
one branch all n agents are assigned to the same branch, otherwise the n agents are equally
distributed to different branches. Furthermore, to guarantee a full coverage to facilitate visual
processing, the introduced path planning creates for each agent an overlapping visual area.
The novel established C-CPP scheme, in addition to the position references, provides also yaw
references for each agent to assure a field of view, directed towards the structure surface.

For the use of the C-CPP, initially the general case of an aerial platform equipped with
a limited FOV sensor was considered, determined by an aperture angle α and a maximum
range rmax. Furthermore, Ω ∈ R+ is the user-defined offset distance (Ω < rmax), from the
infrastructure’s target surface and ∆λ is the distance between each inspected plane. ∆λ is
equal to Ω

β
tanα/2, where the parameter β ∈ [1,+∞) represents the ratio of overlapping. The

horizontal planes are defined as λi, with i ∈ N. The 3D map of the infrastructure is provided
as a set S with a finite collection of points, denoted as S = {pi}, and pi = [xi,yi,zi]

> ∈ R3.
Furthermore, C j(x,y,z) with j ∈ [1,m] are the points in each branch and m is the overall number
of branches in the structure. The proposed C-CPP method 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
(Ω), 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
utilization of the ROS framework. A graphical overview of this C-CCP scheme is presented in
Figure 6.5.
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Figure 6.4: An overview of the mathematical notations used in the C-CCP algorithm.

6.1.4 UWB Inertial Odometry Framework

UWB Radio Frequency (RF) communication is based on using a wide band of the RF spectrum,
rather than a single frequency as a carrier wave radio does, which has the temporal represen-
tation of a pulse and as a result is sometimes referred to as a pulse radio. Due to the high
center frequency (3.1 to 4.8 GHz and 6.0 to 10.6 GHz) and the spectral width of the pulse
(499.2 to 1331.2 MHz) the pulses have good spatial resolution, which makes them ideal for
time stamping RF packets, referred to as messages, with high accuracy. This property of accu-
rate timestamps, together with good reference clocks, give the ability to estimate the distance
between two transceivers by exchanging 2 or more packets and thus it could be considered that
the distance estimation is a byproduct of communication.

Furthermore, one major drawback of a carrier wave based radio is the problem of multi-
pathing, where the carrier wave forms destructive interference with itself, effectively reducing
the received signal strength, or introducing an unknown phase shift. This is a problem that is
severely mitigated in the UWB radio, where the spatial length of each pulse is small enough
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Figure 6.5: Flowchart of the overall C-CPP scheme.

for each pulse to be detected uniquely and this allows the receiver to reconstruct the pulse from
multiple reflections. In a sense, the more the reflections are available, the stronger the received
signal is, in contrary to GPS, which can give highly misleading measurements when close to
tall structures.

In Figure 6.3, the UWB node developed by LTU is depicted when mounted on the MAV.
This hardware contains all the embedded electronics including the microprocessor, 3-axis ac-
celerometer, 3-axis gyroscope, the UWB RF transceiver and the antenna to enable the UWB
communication and localization, while this system is fully self contained and can directly be
deployed for enabling full localization of the MAV state.

For a proper operation of the estimation framework, it is needed to have the UWB transceivers
with known and fixed positions, called anchors (while the transceiver on the MAV is called a
tag), spread out in the working area to act as known positions to measure distances for the
later trilateration and fusion with the IMU, as described in [264]. This configuration is directly
analogous to GPS, while here the satellites (anchors) are placed as needed within the operating
volume, conceptually presented in Figure 6.6. The state vector of the UWB-Inertial Odometry
is formulated as shown in Equation 6.1.
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x̂ =
[
pT

U uT
U qT

UI bT
ω bT

a
]T ∈ R16×16 (6.1)

where pU,uU ∈ R3 refer to the position and velocity in the coordinate frame of the UWB
anchor network, qT

UI ∈ SO(3) refers to the quaternion of the relative attitude between the IMU
coordinate frame and the UWB coordinate frame. bT

ω , bT
a ∈R3 are the biases for the gyroscope

and the accelerometer respectively.
The UWB-Inertial Odometry framework in this work considers the Error State Kalman

Filter formulation proposed in [265] where the state is re-formulated as a nominal part and
an error part (x̂ = xn⊕δx), where the nominal part integrates the IMU measurements and the
errors are observed through the UWB distance measurements. The error state is shown in
Equation 6.2

δ̂x =
[
δpT

δuT
δθ

T
δbT

ω δbT
a
]T ∈ R15×15 (6.2)

where δq =
[
1, 1

2δθ T ] is the minimal staTe representation using the small angle approxi-
mation of the error quaternion.

The error-states are observed through the UWB distance measurements (Equation 6.3)
which is a function of the nominal and error states while including the distance between the
IMU and the center of the UWB antenna.

dAm =
∥∥(pn +δp+R(qn⊗δq)pc,I−pAm

)∥∥
2 (6.3)

6.1.5 Surface reconstruction
As stated in the prequel, this work targets the application scenario of autonomous data acquisi-
tion by single or multiple MAVs, where the objective of the missions is the collection of high
resolution visual data of regions of interest and the generation of 3D surface models. All avail-
able data will be used afterwards by inspection experts to analyze and detect possible defects
on their assets. To this end, each aerial platform is equipped, but not limited, with a camera to
record the required data from the infrastructure.

During the navigation of the MAVs around the structure, the raw visual stream is directly
available for defect assessment. Regarding the surface reconstruction, the main approach to
process the data considers a monocular camera Structure from Motion (SfM) [208], where
the MAVs fly around covering specific parts, with the aim to collaboratively process all the
captured data into a global representation. The selection of monocular mapping is driven by the
application scale and the object characteristics. Generally, the perception of depth using stereo
cameras is bounded to the stereo baseline, essentially reducing the configuration to monocular
at far ranges and to this end, stereo algorithms cannot perform in cases with large structures
and high altitudes. The employed SfM approach is an offline process that provides a sparse
3D reconstruction and accurate MAV poses, by using different camera viewpoints and consists
of a massive optimization process. Finally, the data collected during the navigation mission is
down sampled, since they contain redundant information from all the camera frames and there
is a need to keep the resulting outcome within a reasonable time, while the sparse pointcloud
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A5

Figure 6.6: An overview of the UWB localization system, where A1 - A5 are the stationary
anchors and N1 is the tracked node mounted on the MAV, while the dashed lines highlight the
measured distances.

is inserted into Multi View Stereo (MVS) algorithm Clustering Views for Multi-view Stereo
(CMVS) [266] to provide a densely reconstructed 3D model, by clustering an image set into
overlapping view clusters and applying MVS algorithms.

6.1.6 System Software

The navigation system of the aerial platform is integrated within the ROS framework, where
two main components provide autonomous flight, namely an UWB inertial odometry estima-
tor, where a specific implementation of the ESKF is used based on the Multi Sensor Fusion
Extended Kalman Filter (MSF) [252] and a MPC based position controller [267]. The sen-
sor fusion node consists of an EKF filter that does tight inertial fusion from the hexacopter’s
IMU during the state propagation and the UWB range measurements are utilized during the
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Figure 6.7: An overview of the proposed aerial system’s software architecture.

filter correction step. The outcome of the UWB inertial odometry are the position, orientation
(pose), the linear/angular velocity (twist) of the aerial robot and the IMU biases. This consists
of an error state Kalman filter performing sensor fusion as a generic software package that has
the unique feature to handle delayed measurements, while staying within the desired computa-
tional bounds. The MPC position controller [267] generates attitude and thrust references for
the NEO’s predefined low level attitude controller, with the aim to have separation of concerns,
as the high level control and planning algorithms should have minimal knowledge of the low
level controllers. The overall functional schematic of the experimental setup is presented in
Figure 6.7.

The C-CPP method, described in Section 6.1.3, has been entirely implemented in MAT-
LAB. The inputs for the method are a 3D model of the infrastructure of interest and specific
parameters, which are the number of agents (n), the offset distance from the object (Ω), 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 utilization
of the ROS framework.

6.2 Experimental results

6.2.1 Mission Preliminaries
The presented aerial platform with the sensor systems and combined with the developed algo-
rithmic components, described in previous section, constitutes the autonomous aerial system.
The capabilities of the SYSTEM have been publicly demonstrated for the case of wind turbine
infrastructure in Sweden, where the mission scenario was two-fold by targeting the coverage
of two separate parts of the structure, namely the wind turbine tower and the wind turbine
blades. The requirements for the system were to provide a complete coverage of the inspected
parts autonomously, while storing all necessary visual data for further analysis. Although, two
agents were used for the specific case presented in this work, the presented inspection system
can operate either in a single agent or multi-agent mode, depending on the application needs
and the flying limitations of the MAVs.

The initial step for the deployment of the system was to setup the ground station for mon-
itoring the operations and fix 5 UWB anchors around the structure, with specific coordinates
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presented in Table 6.1, 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 theoretical
point of view [264], only 3 anchors are needed, however it is common that one anchor will
be behind the wind turbine for the MAV’s point of view, which gives rise to a minimum of
4 anchors to compensate, while a fifth anchor was added as redundancy. The resulting fixed
anchor positions provide a local coordinate 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 Figure 6.6, which simplifies the 3D approximate modeling of the structure.

Table 6.1: 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 MAVs
is performed onboard, while the overview of the mission and the commands from the mis-
sion 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 com-
munication. 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 MAV 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 performed in the ground station or in the cloud. The data provided by the
system can be used for 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 can be fully linked with specific coordinates,
which can be utilized by another round of inspections or for guiding the repair technician. The
final, is a major contribution of the presented aerial system, since this need is the fundamental
information that is needed towards enabling a safe and autonomous aerial inspection that has
the potential to performed the human based ones.
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6.2.2 Wind turbine visual data acquisition

For the specific case of wind turbines the C-CCP 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 MAV. However, due to the limited flight time of the
MAVs 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 the sequel Table 6.2, while both can
be performed at the same time with more MAVs to reduce the mission time even further. A
common characteristic for both of the cases is that the generated path for each MAV keeps
a constant safety distance from the structure, while at the same time 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
tunning was targeting the MAV’s controllers weight on angular rate that has been increased to
significantly reduce the excessive angular movement.

Table 6.2: 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

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 Figure 6.8, which is the result of the constant safety distance
from the structure based on the C-CCP algorithm. As can be seen from the tracked trajectories
the controllers perform well with an 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 MAV transitioning above
the tree-line, where a wind gust caused the deviation from the desired trajectory where the
MAV compensates and finishes its coverage trajectory.

From the depicted reconstruction in Figure 6.8, it is possible to understand that the base of
the wind turbine, which is feature rich, provides a good reconstruction result, while as the MAV
continues to higher altitudes, the turbine tower loses texture due to its flat white color, causing
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the reconstruction algorithms to not provide a successful reconstruction. However, the visual
camera streams do have position and orientation for every frame, as depicted in Figure 6.8
for some instances, which allows for a trained inspector to review the footage and be able to
determine if there are spots which need extra inspection or repairs. For the reconstruction in
Figure 6.8, the [207] and [208] algorithms 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.

Blade coverage

Compared to the base and tower coverage, for which the C-CCP algorithm generated 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 direction towards the ground and with the trailing
edge of the blade towards the tower, which would cause the C-CCP algorithm to generate half-
circle trajectories. 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 Figure 6.9, while minimizing
the needed flight time and demonstrating at a full extend the concept of aerial cooperative
autonomous inspection. With the available flight time of the MAV, it is possible to inspect
the blade with only one operating MAV, allowing for the safety distance between agents to be
adhered to, by the separation of the inspected parts. However, during the blade coverage task,
the tracking performance of the MAV was reduced to an RMSE of 1.368 m, due to the constant
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 MAV, 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 MAV, 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 Figure 6.9, 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.

6.3 Lessons Learned
Throughout the experimental trials for this application scenario, 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 in the sequel with connections
to the different utilized field algorithms.

6.3.1 MAV Control
When performing trajectory tracking and position control experiments indoors a dedicated lab-
oratory many disturbances, which are significant in the field trials, can be neglected and this is
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Figure 6.8: 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
sample camera frames of the base and tower to be used by the inspector.
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Figure 6.9: 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 sample
camera frames of the blade to be used by the inspector. Note the flat white color of the tower.

especially true for strong wind gusts and turbulence caused by the structure. In the case of in-
door experimental trials, the MAV can be tuned aggressively to minimize the position tracking
error, while in the full scale outdoor experiments this kind of tuning would provide exces-
sive rolling and pitching due to the controllers trying to fully compensate for the disturbances.
However, this has the side effect of making the movements jerky and oscillatory, and overall
reduce the operators 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 MAV, causing excessive errors in the trajectory
tracking. To reduce the effect in the outdoor experiments, the controllers weight on angular
rate was increased to significantly reduce the excessive movement, 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.
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6.3.2 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 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 system 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 MAV manufacturer. In certain worst cases, this time was down to 5
minutes, which is a severe limitation that should be considered in the path planning and task
assignment to correctly select the correct number of agents for achieving a full coverage of the
infrastructure.

6.3.3 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 inspection, 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 MAV 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.

6.3.4 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 base-
line for stereo cameras can limit the depth perception and eventually degenerate the stereo to
monocular perception. The reconstruction performance can also vary slightly, depending on
the flying environment due to visual feature differences, therefore a robust and reliable, invari-
ant to rotations feature tracker should be used. Another important factor for the reconstruction
is the camera resolution, since it poses the trade off between higher accuracy and higher com-
putational costs. Additionally, the path followed around the structure affects the resulting 3D
model, which in combination with the camera resolution can vary the reconstruction results.
Generally, the cameras should be calibrated and it is preferred to have set manual focus and
exposure to maintain the camera parameters for the whole dataset. For SfM techniques it is re-
quired a large motion in rotation and depth among sequential frames to provide reliable motion
estimation and reconstruction.
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Moreover, a low cost LIDAR solution, that was tested during the field trials, failed to oper-
ate due to sunlight interfering with the range measurements. This sensor technology, should be
further examined with more tests since they could be useful in obstacle avoidance and cross-
section analysis algorithms.

6.3.5 Localization
While UWB positioning was the main localization system in the presented approach, 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 GPS does not provide a reliable
position until the MAV is at significant height and the UWB localization 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.
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CHAPTER 7

Conclusions and Future Work

MAVs during the years have demonstrated outstanding capabilities that create novel ways
to robotize conventional services and tasks like search and rescue, surveillance, precision agri-
culture, wildlife monitoring, mapping and general infrastructure inspection and maintenance.
The deployment of those platforms in such scenarios requires the continuous development and
evolution of systems capable to operate in real life outside the comfort of lab environments.
This is a multidisciplinary field, where key contributions include innovative vehicle design,
autonomous mission, navigation, guidance and control, perception for scene awareness, aerial
manipulator guidance and interaction, edge computing, planning, localization, applicable to
single or in a coordinated team of MAVs, and more. All topics pose individual challenges and
are exciting to address. Moreover, the concept of system integration and field test is constantly
maturing as a concept in the robotics community. As the main works that I carried out during
my PhD studies have been variate, possible future works are as well diverse and spread across
multiple novel topics of vision enabled aerial robotics. I would like to continue the research
direction of perception aware field-enabled aerial robotics including perception modules 1) for
planning and control, 2) sense and avoid, 3) aerial manipulation guidance and interaction 4)
object detection and tracking, 5) multi sensor state estimation and mapping, 6) place recog-
nition and also 7) novel sensor hardware. It is stated that not all application scenarios can be
addressed with the same methodologies and therefore task-oriented solutions are more feasible
to reach real life demonstration.

I envision a platform with the perception capabilities to explore unknown and cluttered
areas, detect object of interest, localize them in a global coordinate frame and return to the
operator to retrieve the collected data. I am interested in investigating agile and fast aerial
robots, treated either as single agents or teams of robots, with substantial onboard intelligence
to autonomously perform a task based on environment perception with limited computation
and power capabilities. From the hardware perspective I envision a unified hardware module
that includes all electronics and processing units and can be modularly attached to different
MAV frames which are designed for different application tasks.

A bottleneck in current solutions for aerial robotics are the localization schemes. Robust
state estimation is a key factor for establishing the aerial technology in current industrial prac-
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tices. It is a constant aim to propose methodologies that are applicable for the respective sce-
narios including the necessary sensor suites. This is therefore a crucial development direction
of field robotics. This can be connected to the 3D map building which is also necessary for
inspection and maintenance tasks.

In the area of aerial manipulation, the guidance scheme based on the perception capabilities
needs further study and robustification to operate in unknown environments, as well as under
illumination changes, orientation and size target invariance, occlusions and out of view events.
Moreover, fast and reliable re-detection and tracking are components that are necessary. More-
over, reliable perception-based guidance schemes will lay the ground to deploy robots with
interaction capabilities in real scale tasks

Novel application scenarios demand novel solutions for navigation and planning as well as
novel sensor suites that can provide reliable raw data for the respective processing. Integrating
perception modules for the high-level control, local, global and reactive planning is a strong
link towards reliable aerial robots. Moreover, place recognition capabilities can be merged with
the control structure and assist the navigation of the platform in the decision-making process,
identifying previously visited places.



REFERENCES

[1] U.S Department of Transportation, “Federal Aviation Administration.” [Online].
Available: https://www.faa.gov/uas/faqs/

[2] U.K Ministry of Defence, “Unmanned Aircraft Systems: Terminology, Definitions and
Classification.”

[3] U.S. Department of Defense, “Standard practice for system safety. MIL-STD-882D„”
2000.

[4] Hui-Min Huang, “Autonomy Levels for Unmanned Systems (ALFUS) Framework, Vol-
ume I: Terminology , Version 2.0,” 2008.

[5] K. P. Valavanis, Advances in unmanned aerial vehicles: state of the art and the road to
autonomy. Springer Science & Business Media, 2008, vol. 33.

[6] YAMAHA, “RMAX.” [Online]. Available: http://rmax.yamaha-motor.com.au/features/

[7] Ascending Technologies, “AscTec NEO.” [Online]. Available: http://www.asctec.de/en/
uav-uas-drones-rpas-roav/asctec-firefly/

[8] ShadowAir, “Super Bat ShadowAir.” [Online]. Available: http://www.shadowair.com

[9] Association Unmanned Aerial Vehicle Systems, “Civil and Commercial UAS
Applications.” [Online]. Available: https://www.uavs.org/commercial

[10] L. Mejias, J. F. Correa, I. Mondragón, and P. Campoy, “Colibri: A vision-guided uav for
surveillance and visual inspection,” 2007.

[11] O. Araar and N. Aouf, “A new hybrid approach for the visual servoing of vtol uavs
from unknown geometries,” in IEEE 22nd Mediterranean Conference of Control and
Automation (MED). IEEE, 2014, pp. 1425–1432.

[12] L. R. G. Carrillo, A. E. D. López, R. Lozano, and C. Pégard, “Combining stereo vision
and inertial navigation system for a quad-rotor uav,” Journal of Intelligent & Robotic
Systems, vol. 65, no. 1-4, pp. 373–387, 2012.

[13] Max Botix, “XL-MaxSonar-EZ4 Ultrasonic Sensor.” [Online]. Available: http:
//www.maxbotix.com

171



172 REFERENCES

[14] SkyBotix AG, “VI sensor.” [Online]. Available: http://www.skybotix.com/

[15] TeraRanger, “TeraRanger Rotating Lidar.” [Online]. Available: http://www.teraranger.
com/products/teraranger-lidar/

[16] Matrix Vision, “mvBlueFOX3 Camera.” [Online]. Available: https://www.
matrix-vision.com/USB3-vision-camera-mvbluefox3.html

[17] R. Szeliski, Computer vision: algorithms and applications. Springer Science & Busi-
ness Media, 2010.

[18] J. SESAR, “European drones outlook study,” Unlocking the value for Europe. SESAR
Joint Undertaking, 2016.

[19] S. S. Mansouri, C. Kanellakis, E. Fresk, D. Kominiak, and G. Nikolakopoulos, “Co-
operative coverage path planning for visual inspection,” Control Engineering Practice,
vol. 74, pp. 118–131, 2018.

[20] B. Grocholsky, J. Keller, V. Kumar, and G. Pappas, “Cooperative air and ground surveil-
lance,” IEEE Robotics Automation Magazine, vol. 13, no. 3, pp. 16–25, 2006.

[21] M. Bernard, K. Kondak, I. Maza, and A. Ollero, “Autonomous transportation and de-
ployment with aerial robots for search and rescue missions,” Journal of Field Robotics,
vol. 28, no. 6, pp. 914–931, 2011.

[22] C. Kanellakis and G. Nikolakopoulos, “Survey on computer vision for uavs: Current
developments and trends,” Journal of Intelligent & Robotic Systems, pp. 1–28, 2017.

[23] C. Kanellakis, P. Karvelis, and G. Nikolakopoulos, “Image enhancing in poorly illumi-
nated subterranean environments for mav applications: A comparison study,” in Inter-
national Conference on Computer Vision Systems. Springer, 2019, pp. 511–520.

[24] ——, “On image based enhancement for 3d dense reconstruction of low light aerial
visual inspected environments,” in Science and Information Conference. Springer,
2019, pp. 265–279.

[25] C. Kanellakis, E. Fresk, S. Sharif Mansouri, D. Kominiak, and G. Nikolakopoulos, “To-
wards visual inspection of wind turbines: A case of visual data acquisition using au-
tonomous aerial robots,” submitted.

[26] C. Kanellakis, P. Karvelis, and G. Nikolakopoulos, “Open space attraction based naviga-
tion in dark tunnels for mavs,” in International Conference on Computer Vision Systems.
Springer, 2019, pp. 110–119.

[27] C. Kanellakis, S. S. Mansouri, G. Georgoulas, and G. Nikolakopoulos, “Towards Au-
tonomous Surveying of Underground Mine Using MAVs,” in International Conference
on Robotics in Alpe-Adria Danube Region. Springer, 2018, pp. 173–180.



REFERENCES 173

[28] C. Kanellakis, P. Karvelis, S. Sharif Mansouri, A.-a. Agha-mohammadi, and G. Niko-
lakopoulos, “Towards autonomous aerial scouting using multi-rotors in subterranean
tunnel navigation,” submitted.

[29] ——, “Vision-driven nmpc for autonomous aerial navigation in subterranean environ-
ments,” IFAC-PapersOnLine, 2020, to appear.

[30] S. S. Mansouri, C. Kanellakis, D. Kominiak, and G. Nikolakopoulos, “Deploying mavs
for autonomous navigation in dark underground mine environments,” Robotics and Au-
tonomous Systems, 2020, to appear.

[31] J. F. Henriques, R. Caseiro, P. Martins, and J. Batista, “High-speed tracking with kernel-
ized correlation filters,” Pattern Analysis and Machine Intelligence, IEEE Transactions
on, 2015.

[32] C. Kanellakis, M. Terreran, D. Kominiak, and G. Nikolakopoulos, “On vision enabled
aerial manipulation for multirotors,” in 2017 22nd IEEE International Conference on
Emerging Technologies and Factory Automation (ETFA). IEEE, 2017, pp. 1–7.

[33] C. Kanellakis and G. Nikolakopoulos, “Guidance for autonomous aerial manipulator
using stereo vision,” Journal of Intelligent & Robotic Systems, pp. 1–13, 2019.

[34] C. Kanellakis, P. Karvelis, D. Kominiak, and G. Nikolakopoulos, “Guiding an aerial
manipulator: A vision based approach,” submitted.

[35] C. Kanellakis, S. S. Mansouri, E. Fresk, D. Kominiak, and G. Nikolakopoulos, “Coop-
erative uavs as a tool for aerial inspection of large scale aging infrastructure,” in 2018
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS). IEEE,
2018, pp. 5040–5040.

[36] S. Hutchinson, G. D. Hager, and P. I. Corke, “A tutorial on visual servo control,” IEEE
Transactions on Robotics and Automation, vol. 12, no. 5, pp. 651–670, 1996.

[37] P. Corke, Robotics, vision and control: fundamental algorithms in MATLAB. Springer
Science & Business Media, 2011, vol. 73.

[38] H. J. Asl, G. Oriolo, and H. Bolandi, “An adaptive scheme for image-based visual servo-
ing of an underactuated uav,” IEEE Transactions on Robotics and Automation, vol. 29,
no. 1, 2014.

[39] R. Ozawa and F. Chaumette, “Dynamic visual servoing with image moments for
a quadrotor using a virtual spring approach,” in IEEE International Conference on
Robotics and Automation (ICRA). IEEE, 2011, pp. 5670–5676.

[40] O. Araar and N. Aouf, “Visual servoing of a quadrotor uav for autonomous power lines
inspection,” in 22nd Mediterranean Conference of Control and Automation (MED).
IEEE, 2014, pp. 1418–1424.



174 REFERENCES

[41] J. R. Azinheira and P. Rives, “Image-based visual servoing for vanishing features and
ground lines tracking: Application to a uav automatic landing,” International Journal of
Optomechatronics, vol. 2, no. 3, pp. 275–295, 2008.

[42] I. Sa, S. Hrabar, and P. Corke, “Inspection of pole-like structures using a vision-
controlled vtol uav and shared autonomy,” in IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS). IEEE, 2014, pp. 4819–4826.

[43] S. J. Mills, J. J. Ford, and L. Mejías, “Vision based control for fixed wing uavs inspect-
ing locally linear infrastructure using skid-to-turn maneuvers,” Journal of Intelligent &
Robotic Systems, vol. 61, no. 1-4, pp. 29–42, 2011.

[44] P. Peliti, L. Rosa, G. Oriolo, and M. Vendittelli, “Vision-based loitering over a target for
a fixed-wing uav,” in Proceedings of the 10th International IFAC Symposium on Robot
Control, 2012.

[45] N. Guenard, T. Hamel, and R. Mahony, “A practical visual servo control for an un-
manned aerial vehicle,” IEEE Transactions on Robotics, vol. 24, no. 2, pp. 331–340,
2008.

[46] N. Metni and T. Hamel, “A uav for bridge inspection: Visual servoing control law with
orientation limits,” Automation in construction, vol. 17, no. 1, pp. 3–10, 2007.

[47] T. Hamel and R. Mahony, “Image based visual servo control for a class of aerial robotic
systems,” Automatica, vol. 43, no. 11, pp. 1975–1983, 2007.

[48] A. Chriette, “An analysis of the zero-dynamics for visual servo control of a ducted fan
uav,” in IEEE International Conference on Robotics and Automation (ICRA). IEEE,
2006, pp. 2515–2520.

[49] F. Le Bras, R. Mahony, T. Hamel, and P. Binetti, “Adaptive filtering and image based
visual servo control of a ducted fan flying robot,” in 45th IEEE Conference on Decision
and Control. IEEE, 2006, pp. 1751–1757.

[50] S. Kim, S. Choi, H. Lee, and H. J. Kim, “Vision-based collaborative lifting using quadro-
tor uavs,” in 14th International Conference on Control, Automation and Systems (IC-
CAS). IEEE, 2014, pp. 1169–1174.

[51] M. Barajas, J. P. Dávalos-Viveros, S. Garcia-Lumbreras, and J. L. Gordillo, “Visual ser-
voing of uav using cuboid model with simultaneous tracking of multiple planar faces,” in
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS). IEEE,
2013, pp. 596–601.

[52] F. Fahimi and K. Thakur, “An alternative closed-loop vision-based control approach for
unmanned aircraft systems with application to a quadrotor,” in International Conference
on Unmanned Aircraft Systems (ICUAS). IEEE, 2013, pp. 353–358.



REFERENCES 175

[53] D. Lee, T. Ryan, and H. J. Kim, “Autonomous landing of a vtol uav on a moving platform
using image-based visual servoing,” in IEEE International Conference on Robotics and
Automation (ICRA). IEEE, 2012, pp. 971–976.

[54] S. Huh and D. H. Shim, “A vision-based automatic landing method for fixed-wing uavs,”
Journal of Intelligent and Robotic Systems, vol. 57, no. 1-4, pp. 217–231, 2010.

[55] S. Salazar, H. Romero, J. Gomez, and R. Lozano, “Real-time stereo visual servoing
control of an uav having eight-rotors,” in 6th International Conference on Electrical
Engineering, Computing Science and Automatic Control (CCE). IEEE, 2009, pp. 1–11.

[56] A. Dib, N. Zaidi, and H. Siguerdidjane, “Robust control and visual servoing of an uav,”
in 17th IFAC World Congress 2008, 2008, pp. CD–ROM.

[57] F. Kendoul, I. Fantoni, and K. Nonami, “Optic flow-based vision system for autonomous
3d localization and control of small aerial vehicles,” Robotics and Autonomous Systems,
vol. 57, no. 6, pp. 591–602, 2009.

[58] D. Eberli, D. Scaramuzza, S. Weiss, and R. Siegwart, “Vision based position control
for mavs using one single circular landmark,” Journal of Intelligent & Robotic Systems,
vol. 61, no. 1-4, pp. 495–512, 2011.

[59] F. Kendoul, I. Fantoni, and R. Lozano, “Adaptive vision-based controller for small ro-
torcraft uavs control and guidance,” in Proceedings of the 17th IFAC world congress,
2008, pp. 6–11.

[60] S. Lange, N. Sunderhauf, and P. Protzel, “A vision based onboard approach for landing
and position control of an autonomous multirotor uav in gps-denied environments,” in
Advanced Robotics, 2009. ICAR 2009. International Conference on. IEEE, 2009, pp.
1–6.

[61] M. T. Alkowatly, V. M. Becerra, and W. Holderbaum, “Bioinspired autonomous visual
vertical control of a quadrotor unmanned aerial vehicle,” Journal of Guidance, Control,
and Dynamics, pp. 1–14, 2014.

[62] V. Ghadiok, J. Goldin, and W. Ren, “On the design and development of attitude stabiliza-
tion, vision-based navigation, and aerial gripping for a low-cost quadrotor,” Autonomous
Robots, vol. 33, no. 1-2, pp. 41–68, 2012.

[63] Z. Fucen, S. Haiqing, and W. Hong, “The object recognition and adaptive threshold
selection in the vision system for landing an unmanned aerial vehicle,” in International
Conference on Information and Automation (ICIA). IEEE, 2009, pp. 117–122.

[64] Y. Zhao and H. Pei, “An improved vision-based algorithm for unmanned aerial vehicles
autonomous landing,” Physics Procedia, vol. 33, pp. 935–941, 2012.



176 REFERENCES

[65] J. Artieda, J. M. Sebastian, P. Campoy, J. F. Correa, I. F. Mondragón, C. Martínez, and
M. Olivares, “Visual 3-d slam from uavs,” Journal of Intelligent and Robotic Systems,
vol. 55, no. 4-5, pp. 299–321, 2009.

[66] M. Faessler, F. Fontana, C. Forster, E. Mueggler, M. Pizzoli, and D. Scaramuzza, “Au-
tonomous, vision-based flight and live dense 3d mapping with a quadrotor micro aerial
vehicle,” Journal of Field Robotics, 2015.

[67] F. Fraundorfer, L. Heng, D. Honegger, G. H. Lee, L. Meier, P. Tanskanen, and M. Polle-
feys, “Vision-based autonomous mapping and exploration using a quadrotor mav,” in
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS). IEEE,
2012, pp. 4557–4564.
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[164] M. Bošnak, D. Matko, and S. Blažič, “Quadrocopter hovering using position-estimation
information from inertial sensors and a high-delay video system,” Journal of Intelligent
& Robotic Systems, vol. 67, no. 1, pp. 43–60, 2012.

[165] E. W. Frew, J. Langelaan, and M. Stachura, “Adaptive planning horizon based on infor-
mation velocity for vision-based navigation,” in AIAA Guidance, Navigation and Con-
trols Conference, 2007.

[166] A. Bircher, M. Kamel, K. Alexis, H. Oleynikova, and R. Siegwart, “Receding horizon
next-best-view??? planner for 3d exploration,” in 2016 IEEE International Conference
on Robotics and Automation (ICRA). IEEE, 2016, pp. 1462–1468.

[167] S. Nuske, S. Choudhury, S. Jain, A. Chambers, L. Yoder, S. Scherer, L. Chamber-
lain, H. Cover, and S. Singh, “Autonomous exploration and motion planning for an
unmanned aerial vehicle navigating rivers,” Journal of Field Robotics, vol. 32, no. 8, pp.
1141–1162, 2015.

[168] G. S. Avellar, G. A. Pereira, L. C. Pimenta, and P. Iscold, “Multi-uav routing for
area coverage and remote sensing with minimum time,” Sensors, vol. 15, no. 11, pp.
27 783–27 803, 2015.

[169] M. Burri, H. Oleynikova, M. W. Achtelik, and R. Siegwart, “Real-time visual-inertial
mapping, re-localization and planning onboard mavs in unknown environments,” in
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), 2015.
IEEE, 2015, pp. 1872–1878.
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