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Preface

This master thesis has been made by hcil02f19, 10" semester Software students from Aal-
borg University. The focus of the master thesis is on indoor autonomous drone flight from
the perspectives of development of a multi-service framework and exploration of interaction
techniques.

This master thesis consists of two academic papers each detailing their own research in
regards to autonomous drone flight.

The master thesis has been written in cooperation with the project supervisor, Mikael Skov,
who we express gratitude and thanks towards.

Aalborg University, 11™ June 2019.
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Summary

The purpose of this project is to investigate the world of autonomous drones from a devel-
opment and interaction perspective. The first article starts by consulting the related work in
regards existing solutions within autonomous drone navigation. This gives an insight into
how researchers has already attempted to solve the many problems of autonomous naviga-
tion, both in regards to indoor and outdoor. This showed that the related work always focused
on using one technology or method to perform indoor autonomous navigation. Based on the
related work, we extracted multiple approaches to indoor navigation and created the frame-
work, SharpFlying. This framework is a service-focused extendable and generic implemen-
tation, meaning that it is created to allow for other developers to continue the development
by implementing more services using the base-classes we have implemented.

As a proof of concept, we created three different services: Vision-, Distance- and WiFi-
Positioning service. The vision service implements Canny Edge Detection, Hough Line
Transformation and DBSCAN clustering in order to determine the vanishing point of the
area flown in. When the vanishing point has been determined, it can be used to correct the
yaw of the drone, allowing it to steer down a hallway, while keeping the nose of the drone
correctly aligned. The distance service uses ultra sonic sensors mounted onto a 3D-printed
hull with a Raspberry Pi Zero-W as a means of communication. This service controls the
roll of the drone by using the distances measurements on either side of the drone to correct
itself into the center. The WiFi-positioning service was implemented as a proof-of-concept
of how the system could be used. In order to test the implementation of SharpFlying and
the services, we designed a close-to worst-case scenario for an indoor drone. It had to
navigate down a narrow hallway from different starting positions, where it had to centralize
itself before landing in a designated area. The tests showed that the individual services can
navigate the hallway, although with a lot of inconsistencies and mistakes. Combining the
vision and distance service yielded better results and consistencies, where the drone only
made one wrong landing.

Due to the services not allowing indoor navigation and the unpredictability of actions by the
implemented services, we did not deem it safe enough nor ready to be used in a real scenario.
Thus, in order to get an insight into Human-drone Interaction with an indoor autonomous
drone, we used Wizard of Oz (WoZ).
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With WoZ, we emulate similar behavior to that of a fully autonomous drone, however with
the safety of an experimenter being able to immediately stop the drone in case of a dangerous
situation. Thus, we designed an experiment with three different parts, each focusing on their
own type of interaction. The first part is about primary interaction, where the participant is
following an indoor navigation drone. The second part is an indoor area investigation, where
the participant, using voice commands in a remote location, controls the drone between two
locations, to then investigate an area and locate two hidden objects. The third and last part is
about secondary interaction. In this task, the user is sharing a narrow hallway with the drone
under different conditions.

Based on the interaction experiment, we withdraw four design insights, that future researchers
within autonomous Human-Drone Interaction may consider when designing an autonomous
system. This includes: trust, a metaphor explicitly stated by our participants. Trust deals
with expected behavior of the drone. The participants expected the drone to be flawless in
its navigation and ability to know the environment it is navigating. Furthermore, the partic-
ipants wanted consistency in actions and speed of the drone. Lastly, we derive how much
natural language understanding in necessary to properly interact with a drone using voice
commands alone. Here we draw similar results to that of related work, that the interaction
level needed is similar to communicating with a pet.

Currently, the implemented services of SharpFlying does not deal with any interaction spe-
cific measures, however, the implementation allows a service to be developed that does.
Based on the results obtained through our study, the service would need to detect people and
react to them by giving the person space and awaiting the person to move past the drone, be-
fore continuing. Furthermore, further research should be made into proper auto-stabilization
in indoor environments, as the drone in the current state can be unstable, especially in inter-
sections, however this could potentially be solved with a smaller drone.

We conclude that a multi-service framework for controlling autonomous drones can perform
better than single instances of services. Furthermore, that allowing new services to be eas-
ily added to extend the autonomous system can provide better results. Based on the results
of the exploratory study, several recommendations of valid services to extend SharpFlying
has been proposed as design insights. For future work, we recommend continued develop-
ment of SharpFlying to behave according to our design insights, to which the results of the
exploratory study should be verified.
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ABSTRACT

Drones are becoming increasing popular, however, the use of drones
is limited to mostly outdoor usage. While research highlights new
and smart technologies to perform indoor navigation, it is often
focused on using a singular technology as a solve-everything solu-
tion. In this article, we designed and implemented SharpFlying, a
generic and extendable multi-service framework for autonomous
indoor drone [ight. We implemented three proof of concept services
based on related work to validate our framework implementation.
We tested our services individually and together, which showed
vast improvements when using multiple services at the same time.
We contribute a framework for future researchers to use when
developing autonomous drones with a multi-service structure in
mind.
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1 INTRODUCTION

The use of drones in indoor environment has been researched in
regards to using a single technology to attempt and solve one of the
many problems of indoor navigation. This includes: Recognizing
tags using vision or RFID [8, 28], using deep learning for percep-
tion, guidance and navigation indoors [20] and a general use of
vision to navigate the drone indoors [16, 17] or adding additional
sensors to the drone [31, 33]. While some of the solutions has been
developed as frameworks, none of them attempt to combine multi-
ple approaches to indoor navigation into a framework for [yihg
indoors with drones.

In outdoor environments, navigation is often done using GPS,
gyroscopes, accelerometers and some wireless communication with
a base station using the camera feed. These tools are great for
outdoor navigation, but is not enough when it comes to indoor
navigation, which can be used for in-building delivery, automated
inventory and indoor emergencies [29]. Additionally, A survey
made in 2001 shows that humans spend upwards of 87% of their
time in indoor environments, this includes o [cebuildings, airports,
venues or homes. This result displays the need of indoor navigation
and that any type of framework that allows indoor navigation has
a practical use.

In indoor environments, a drone need to use its sensors and
vision based systems to detect and avoid collisions. These are used
in conjunction with obstacle avoidance strategies to [nd the best
solution to avoid the environment [12].

Although a lot of research highlights indoor navigation strategies
and how to approach this [13, 25, 28, 36], limited research could be
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found that designs and implements an indoor autonomous drone
with the goal of detecting and avoiding humans [26]. However, their
results does not focus on any interaction, but rather focus on the
technical aspects of detecting and avoiding humans, with a singular
contribution to Human-Drone Interaction (HDI), this being that
the drone should move when meeting humans in a hallway.

In this paper, we have developed a standalone framework, SharpFly-
ing. SharpFlying combines multiple results from previous work by
combining vision, ultra sonic sensors and WiFi positioning into
one framework that helps with autonomous indoor navigation.

The framework we have developed is not a fully implemented
system, but rather a proof of concept. It is developed as a foundation
to be build upon, where the system allows for easy expansion upon
functionality by adding more services. This framework relies on
the related work, and comes with a collection of developed libraries,
in order to support the features which was deemed necessary for
this framework.

The inspiration and some of the requirements of the project is
based the SciRoc Episode 12 challenge - Fast delivery of emergency
pills [3]. This challenge is about an aerial robot in an emergency
situation, where a [rst-aid kit needs to be delivered to a customer
in an indoor environment as fast as possible. The robot will need to
automatically detect and avoid obstacles and account for GPS being
unavailable. The challenge de [nds that the robot must navigate in
an indoor environment, detect a customer and correctly maneuver
in an environment with obstacles, land and deliver the item within
a 2 meter accuracy and [y back. These requirements are the point
of reference of requirements for the development of SharpFlying.

Initially, we will take a look at related work, to get an idea on
how to approach the project and to get an insight into the current
progress made by other researchers. Afterwards, we will go through
multiple development cycles, each focusing on solving a problem
within indoor navigation with a drone. Lastly, the di [erknt imple-
mented services will be tested individually and in conjunction with
each other, to show how each of them perform and compensate for
each other.

2 RELATED WORK

In order to gain an understanding of current research in regards to
navigation with drones, we look at the related work in regards to
outdoor and indoor autonomous navigation with drones. This will
give an insight into the current state of the art and novel approaches
to solving outdoor and indoor navigation issues, with a focus on
drones. The related work will be used to extract important consid-
erations and guidelines for developing SharpFlying, our framework
for indoor autonomous Light.



2.1 Outdoor autonomous navigation

Within outdoor navigation, there are several approaches that at-
tempt to either solve or optimize the [elt of navigation. The conven-
tional approaches use GPS to determine the position of the drone
and either way-points or other planning algorithms to determine
the most optimal route for the drone. Another approach that has
evolved, especially in regards to race drones, is machine learning
approaches using neural networks.

Conventional approaches

GPS is one of the most core technologies used for outdoor posi-
tioning and can be used in conjunction with a camera for fully
autonomous [ight without pilot input [24]. One of the most basic
implementations of autonomous navigation includes way point
planning, where the pilot determines a set of points the drone
should navigate to, this feature is often implemented by the drone
manufactures [4]. The approach of generating a [ight plan based
on points speci [ed by the pilot has previously been researched in
regards to precision [34, 35] and performance [19].

Carvalho et al. adapted a standard commercialized drone into
an embedded system, without any reliance on a ground station
for fully autonomous [ight [11]. This was done using the Robot
Operating System (ROS). Their work is a design and integration
of the ROS framework with the robot’s hardware using an Odroid
micro computer mounted on the drone. Their results show the
drone being able to correctly perform a simple mission consisting
of performing a takeo [ Tlyihg in a square and then landing again
using GPS only. The UAV responded satisfactory during random dis-
turbances, such as wind and GPS signal [ugtuation, with a minimal
number of errors. They conclude that using [féring algorithms for
GPS signal [ugtuations, the minor inconsistencies in [ight paths
might perform better.

Machine learning & outdoor navigation
Some of the related work has started to look at machine learning
as an approach for outdoor navigation. Most of their motivations
stem from drone racing, where each drone is controlled by a human
pilot, with a [rst-person view from the drone, who controls the
drone at high speed using a radio transmitter. While human pilots
need years of training to properly control the drone in fast paced
environments, the skills are valuable to an autonomous system that
must quickly and safely navigate through complex environments,
which is the primary reasoning for using this as a task.
Simultaneous Localization and Mapping (SLAM) can provide
consistent 2D to 3D pose estimation against a known environment,
but is prone to errors during any accelerated movements, due to
image blurring. SLAM is great in static environments where way-
points or movement trajectories are already de [néd or where speed
is not a concern [10]. Kaufmann et al. describes Deep Drone Racing,
a 2-part system for robust and agile [ight of a drone in a dynamic
environment [21]. Part one is a perception system, which uses a
Convolutional Neural Network (CNN) to predict a goal direction
in local image coordinates, together with a navigation speed. This
is generated from a single image on a forward-facing camera. The
second part is a control system. It uses the output from the percep-
tion system to generate a movement trajectory vector. Their results
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show that their system is able to navigate a complex race track,
while avoiding common problems, such as drifting and a navigation
in a dynamic environment.

Sadeghi et al. presented CAD2 RL, a neural network trained
purely on simulation data. Their goal is to train a neural network
for obstacle detection, without having to put the drone into the real
scenario [32]. Their results show that they can successfully Ly®nd
avoid obstacles. For future work they recommend including depth
into the images using multiple cameras or combine their simulated
training with real data, which could yield a better overall result.

Giusti et al. researched a drone as a medium of visual perception
of a forest trail [18]. Here, they assume that as long the drone follow
the trail, that it is free of any obstacles, thus focuses on [nding
and following the trail. They have trained a CNN on 17,000 train-
ing frames and uses that to process an image in order to obtain
a perception of the trail. They derived a two-class problem, one
has to decide whether the trail is visible or not, while the other
class determines where the trail is. The biggest problems they faced
were in regards to image quality, where their training data was
recorded from GoPros mounted on a researchers head during a
regular hike. This meant that the fast-paced motion pictures from
the drone caused complications with the classi [cations. Further-
more, di Cerences in light strength across the trail caused the drone
to be unaware of its surroundings, which caused some crashes. In
general, they were able to classify trails correctly in synthetic tests
and that their system performs better than any alternatives and to
a certain degree, comparable to humans.

2.2 Indoor autonomous navigation

There is a fairly recent body of work attempting to solve the prob-
lem of indoor navigation in GPS denied environments using one of
the Parrot drone platforms [9, 16, 22]. The solutions proposed in-
cludes: the use of markers for vision to detect, vision based distance
estimation and full on image processing systems.

In recent years, the use of drones has expanded into real-life
applications, especially in outdoor scenarios, such as monitoring
and surveillance [1, 6]. Thus, research has been made in regards to
HDI in outdoor environment with respect to: how users interact
with drones and how they expect the drone to respond to their inter-
action. However, only limited research has gone into the potential
interaction in indoor environments. Lioulemes et al. researched
the safety challenges when humans and drones collaborate in in-
door environments [26]. Their results show that humans expect
the drone to behave in a similar manner to a ground vehicle, that
is, that the drone should be the one maneuvering away from the
human when possible.

Follow-me drone

Mao et al. investigated the possibilities of an indoor follow-me
drone [27]. Their motivation is that video taping is a costly and time
consuming process with possibilities for automation. They describe
the challenges of being unable to use GPS or similar technologies
to properly do indoor tracking. Their solution uses robust acoustic
tracking to determine the distance between the user and the drone.
Their results show that it is possible to [nd the location of a user
and follow them within a speci [cHistance, with the limitations
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being unable to properly follow the user during extended periods
of disconnections with the sound signals, |.E. hard concrete or a
human blocking the signal [27].

Machine learning & indoor navigation

Duggal et al. researched the use machine learning in contrast to
fully autonomous indoor navigation for drones [13]. They use a
single monocular camera on the front of the drone. They input an
image into a Hierarchical Structured Learning (HSL) algorithm that
outputs a depth map. This depth map is fed into a CNN to generate
the [ight planning commands for the drone. Their results show
that they use = 180ms to perform HSL and = 200ms for the CNN to
generate [ight planning commands. They specify that the Bebop
drone they use for their experiment takes approximately 400ms to
respond, so that their computation time is justi [able. Their [ying
experiments show that they have an 82% successful navigation rate,
however that they had problems with the drone drifting in the
indoor environment and problem with depth map estimation due
to changing light levels in the hallways.

Vision-based approaches

Adriano Garcia & Kanad Ghos researched autonomous indoor navi-
gation using a stock quadcopter using o [=bbard control [16]. Their
approach to indoor navigation uses vision to determine the loca-
tion of [adrs and walls. This is done using Canny edge detection
in correlation with Hough Line Transformation. This is done to
form vanishing points. The vanishing points provides a general
central marker of the image and can be used for yaw correction
and the position of the vanishing lines can be used as a reference
for roll correction. One part of their results show that they can
detect an intersection within a 50cm di Cerence of their measured
estimate. The second part of their results is in regards to navigating
a narrow hallway. In total they had 20 test [ghts, with 15 total
collisions, with only 2 of them being hard crashes. They identify
the error causing the hard crashes in both cases, saying that the
implementation of 180 degree turns will [Xthis. They manage to
successfully detect, stop and turn at the intersection in 90% their
tests. Because of their implementation heavily relying on being
able to [nd vanishing points for navigation and stabilization of
the drone, during turns, they had troubles correctly [nding the
new vanishing point, causing problems in 25% of their test cases.
A similar type of research was made by Bills et al. who focused
on indoor navigation in narrow staircases [8]. Their results show
that their vision based solution succeeded over 80% of their tests,
however that they had problems getting the drone to properly Lyl
in the indoor environment causing air drifts and turbulence, which
caused the drone to crash or touch the walls.

Distance sensor-based approaches

There already exists di [erent types of solutions that attempt to
support drone [ight using distance sensors. This includes a obstacle
detection and collision avoidance system using ultrasonic sensors
by Gageik et al. [15]. They show that ultra sonic sensors perform
well when re[edting onto straight surfaces, where it is capable
of reproducing the environment with an accuracy of centimeters,
however that they are unable to reliably detect objects beyond
250cm. They recommend using additional sensors, such as infrared

sensors, to account for some of the negative aspects of using ultra
sonic sensors. The use of infrared sensors as an obstacle avoidance
tool has previously been researched [14, 23]. Their results show the
use of the range [nder in conjunction with the inertial measurement
unit, that they can stabilize the drone in an indoor environment
within a 2x3 meter area. They conclude that this is adequate, since
the rooms they navigate in are always at least 6x6 meters. In one
of the test cases in [14], the drone is [ying in a narrow hallway
towards a dead end. In this test, their system showed inconsistencies
due to wind turbulence in the narrow indoor environment. Even
though they were able to correctly navigate the area and avoid
obstacles, speci [cdlly tweaking the system variables was needed in
order to accommodate the narrow areas.

3 SHARPFLYING

Based on the related work, we have chosen to focus on three tech-
nologies. The [rst technology is vision, this is chosen based on the
promising results of Adriano Garcia & Kanad Ghos, who managed
to perform indoor navigation using deterministic well-researched
vision models. The second technology is distance using ultra sonic
sensors. This is implemented in order to accommaodate for the weak-
nesses of vision. These sensors measure the distances between the
drone and environmental objects, allowing us to stop the drone
from crashing into walls. Furthermore, Bills et al. described scenar-
ios where they had problems with the air generation of the drone
when indoor. We attempted to replicate their results by manually
[vihg indoors, which showed that when the environment changes,
I.E. [yihg past an intersection, the drone can no longer stabilize
itself during hovering, causing it to increase its speed. Using ultra
sonic sensors, we can detect drastic changes in the environment
and accommodate for these environmental changes. Lastly, some of
the distance sensor-based related work showed promising results
in regards to indoor environments and that their systems are able
to function in even narrow environments, as long as the system
parameters are designed to accommodate for this. The outdoor
approaches use GPS in order to perform self-localization of the
drone, this is not available for indoor [ight. The related work sim-
plify their experiments by ignoring the need to navigate a building
between two known points, but rather follow a user or move inside
a simple environment, such as a hallway with no obstacles. In order
to implement indoor navigation, we will use WiFi positioning as
the third technology. The goal is not to get an absolute positioning
of the drone, but rather self-localization to the point of the drone
understanding where it is, such that it knows how to move between
two known locations.

4 HARDWARE

This section describes the drone and the base-station used for the
system. The drone chosen for this project is a Parrot Bebop 2 (42cm
x 39cm x 9cm) modi [ed with a custom 3D printed hull. Furthermore,
the drone has 3 ultra sonic sensors (HC-SR04) mounted onto the
hull. The ultra sonic sensors measures in a 15°angle and has a range
of 2cm to 400cm.

The drone with all modi [cations can be seen in Figure 1. The
ultra sonic sensors are connected to a Raspberry Pi Zero W, which



is also mounted on the drone. The Raspberry Pi is running Raspbian
as its operating system.
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Figure 1: Image visualizing the drone setup, with ultra sonic
mount.

The Raspberry Pi o [oads all of the heavy computations to a
base-station. The base-station is a laptop with an i5-7300HQ @
2.5GHz processor running Windows 10. During integration tests
of the distance sensors, it was discovered that the drone propellers
emit ultra sonic sound, causing some of the sensors to give invalid
data. Due to this being discovered late in the project, the tests were
performed by taking the hull o Cihe drone, placing it on an o [cel
chair and imitating the movements of the drone.

5 IMPLEMENTATION
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aMain Programs
SharpFlying

i
| |

«Components «Components . «Components |
Distance Service WiFi Positioning Service | | Object detection & Avoidance

«Components
BebopSharp

«Components
Vision Service

Currently not implemented

Figure 2: A simpli [ed overview of the SharpFlying compo-
nent architecture

The implementation consists of 4 di Lerknt modules. These are
the modules outlined by the related work as necessary to implement
an indoor autonomous drone. The system architecture can be seen
in Figure 2.
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SharpFlying is the entry point for the system. Here the declara-
tions of the di [erknt services are made and the results from each
service is retrieved. BebopSharp is the library developed to con-
trol the drone. The Vision service contains the implementation of
Canny Edge detection, Hough Lines and the DBSCAN clustering.
The Distance service contains the implementation of the ultra sonic
sensors. The WiFi Positioning service provides functionality to
[nd an estimated position of the drone inside a building. All of
the services return a Response together with a con [ddnce value. A
con [ddnce value is a value that indicates the services con [dénce in
its result. From the vision service, the con [dénce value is dependant
on the changes between images. If we observe a large change in the
results from a captured image, the con [ddnce value will drastically
go down. This will handle cases of blurred images or other cases of
bad data.

The entire point of SharpFlying is to be a fully asynchronous
multi-service framework. This means that all services are running
separately and “as fast as possible”, causing no services to bottleneck
each other. This means that there is no guarantee of a looped order
of actions, but that one service can publish multiple results before
another service publishes theirs.

5.1 BebopSharp

BebopSharp is the implementation of the drone controller library.
This is the library implementing all of the functionality we can
perform with the drone. Initially, we implemented the bebop sys-
tem in Python using PyParrot, an existing library for developing
drone [ght applications [7]. However, during integration of the
vision service, the performance of Python failed to deliver the
expected results, with this implementation only being able to pro-
cess 1-10 frames per second, depending on the amount of data in
each image. Thus, we decided to rewrite the entire project in a
compiled language, namely C#, due the project members having
previous experience in the language. However, there existed no
library equivalent of PyParrot for C#. Thus we created our own
library to communicate with the Bebop drone, called BebopSharp.
After successfully connecting to the drone, a thread that gener-
ates the drone command packets is started. This thread ensures
that if the drone retrieves a FlightVector (An object containing
movement values) from SharpFlying, that the drone performs the
corresponding movements. The amount of times the command
generator generates and sends commands is controlled by the Con-
structor call to the BebopSharp class, where the user can specify
the number of updates per second, per default this is 10.

In order to ensure safety, a thread watcher is used. The thread
watcher ensures the command generator thread is active and per-
forms an emergency landing if we lose connection to the drone.

The drone communicates using UDP between itself and the client.
Based on the ARSDK Protocol documentation (O [cial documenta-
tion of how the drone works internally), the communication with
the drone has been implemented to handle pings from the drone
(the drone asking if we are still alive) and when the drone has
updates to its sensors [30]. This is implemented by recursively
withdrawing the [Trst 7 bytes, containing the packet header, then
based on the total packet size, we store the bytes from the data
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