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Considering the accelerated development of Unmanned Aerial Vehicles (UAVs) applica-
tions in both industrial and research scenarios, there is an increasing need for localizing
these aerial systems in non-urban environments, using GNSS-Free, vision-based meth-
ods. This project studies three different image feature matching techniques and proposes
a final implementation of a vision-based localization algorithm that uses deep features
to compute geographical coordinates of a UAV flying in the wild. The method is based
on matching salient features of RGB photographs captured by the drone camera and
sections of a pre-built map consisting of georeferenced open-source satellite images.
Experimental results prove that vision-based localization has comparable accuracy with
traditional GNSS-based methods, which serve as ground truth.

Keywords: GNSS-Free, ROS 2, UAV, PX4, Photogrammetry, Vision-based localization



Contents

List Of Acronyms 1
1 Introduction 2
1.1 Signicanceandmotivation. . . . . . . .. ... . L o0 3
1.2 Relatedworks . . . . . . . . 4
1.3 Contribution . . . . . . . . 5
1.4 Structure . . . . . . . . 5
2 Background 7
2.1 RobotOperating System . . . . . . ... ... ... .. 7
2.2 PX4Autopilot. . . . ... 9
221 Flyingmodes . . . . . . . . .. .. .. 9
2.2.2 Flightparameters . . . . . .. .. .. ... .. ... . ...... 9
2.2.3 Advancedfeatures . ... ... ... .. ... 10
2.3 BridgingPX4andROS . . . . .. . ... ... 10
2.3.1 InterfacingPX4withROS2 . ... ... .. ... ... ..... 12
2.4 QGroundControl . . .. . . . ... .. e 13
2.5 Satellite image segmentation . . . . .. ... ... ... .. ... ..., 14
2.6 Image matching—usefulconcepts . . . .. .. ... ... ... ..... 16
2.6.1 Templatematching . ... ... ... ... ... ... ...... 18
2.6.2 Scale invariant feature transform . . . . . .. ... ... ... L. 19



2.6.3 Deep feature matching based on neural networks . . . . ... .. 20

2.7 Legal considerations for yingUAVS . . . . . . . . . .. .. ... ... 21
3 Design overview 22
3.1 Flowchartofthesystem . . . . .. ... ... ... ... ... ...... 22
3.2 Template matching — sensitive to rotation . . . . .. ... ... .. ... 24
3.3 SIFT —inaccurate for real photograps . . . . .. .. ... .. ...... 25
3.4 Matching salient features of aerial RGB photographs . . . . . ... ... 27
3.5 Enhancing localization accuracy by image segmentation . . .. ... .. 28
3.6 Maphbuilding . ... ... . . ... 29
3.6.1 Georeferencingmapsections. . . . ... ... ... ....... 30
3.6.2 DataStructures . . . . . ... ... 31
4 Implementation and experimental setups 33
4.1 MAVs used for experiments and gathered datasets . . . . . .. ... ... 33
4.2 \Vision-based localization algorithm . . . . . . ... ... ... .. ... 37
4.3 Offboardcontrol . . . . ... ... 39
4.3.1 Autonomous navigation . . .. .. .. ... .. ... .. ..., 39
4.3.2 Important PX4 parameters . . . . .. .. .. ... ... 39
4.3.3 Flight management architecture . . . .. ... .. ... ..... 41
44 5GControlandofoading . . ... ... ... ... .. ... ... 43
5 Results 47
5.1 Quantitative analysis . . . . ... .. .. ... a7
5.2 Qualitative analysis . . . . . . . ... 52
6 Conclusion 54
6.1 Futureresearch . . . ... ... . . ... ... .. 54

References 56



List of Figures

2.1 Communication framework of ROS[12] . . . . . .. . .. ... .. ... 8
2.2 High level architecture of PX4 —ROS 2 bridge [17] . . . . . . .. .. .. 11
2.3 Detailed interface of microRTPS bridge [17] . . . . . . . . . . ... ... 12
2.4 Interface of the ground control station during ight . . . ... ... ... 13
2.5 Segmentation of GE satellite images from different altitudes . . . . . . . 15

2.6 Comparison between the three studied methods: template matching (top),
SIFT features (middle), deep features (bottom) . . . ... .. ... ... 17

2.7 Main principle of template matching: the pattétp is matched against

the gray area representing the largerimage [22] . . . . .. ... .. ... 19
3.1 Overviewofthesystem . .. ... ... .. ... ... ... ...... 23
3.2 Template match localization of a small patch in a satellite image . . . . . 24
3.3 SIFT features matchexample . . . . . . .. ... ... .. ... ..... 26
3.4 Superglue feature based localization . . .. ... ... .......... 27
3.5 Example of a segmented satelliteimage . . . ... .. .......... 29
3.6 A georeferenced section of the map used for image matching . . . . . . . 31
3.7 Classes used for representing georeferenced satellite and drone images . . 32
4.1 Holybro X500 V2 quadcopter equipped with onboard computer . . . . . 35
4.2 DJI S1000 equipped with solid state LIDAR sensor . . . . ... .. ... 35

4.3 \Visual representation of an aerial point cloud provided by the solid state

LIDAR . . . 36



4.4
4.5
4.6
4.7
4.8

5.1

5.2
5.3
5.4
5.5
5.6
5.7

DJI Matrice 300 during the data gathering experiment . . . . . . .. ... 36

Interfacing of ROS 2 nodes and topics for offboard control . . . . . . .. 43
Network topology of a UAV controlled over5G . . . . .. ... .. ... 44
Autonomous control of UAV using 5G telemetry . . . . .. . ... ... 45
Drone connected to the 5G network through USB tethering . . . . . . .. 46

Satellite view of the ight zone (highlighted rectangle). The yellow pin is

located at 60.403091° latitude and 22.461824° longitude . . . . . .. .. 48
Computed coordinates and GNSS ground truth — Dataset1 . .. .. ... 49
Localizationerror—Dataset1 . . . . . . ... .. ... ... ....... 50
Computed coordinates and GNSS ground truth — Dataset2 . . . ... .. 50
Localizationerror—Dataset2. . . . .. ... .. .. .. ... ...... 51
Boxplot comparing the localization error for the two experiments . . . . . 51

Examples of successfully matched drones photographs (left) and satellite

images (right) . . . . . . . . . 53



List of Tables

4.1 Technical speci cations of the MAVs used during experiments . . . . . .

4.2 Essential PX4 parameters . . . . . . ...

5.1 Localization algorithm performance metrics . . . . . . . .. ... .. ..



List Of Acronyms

AGL Above Ground Level
BVLOS Beyond Visual Line of Sight

DDS Data Distribution Service
FMU Flight Management Unit
FPS Frames Per Second

GE Google Earth

GNSS Global Navigation Satellite System
LIDAR Light Detection and Ranging

MAE Mean Absolute Error

MAV Micro Aerial Vehicle

MAVLink  Micro Aerial Vehicle Link

QGC QGroundControl

RGB Red Green Blue

ROS Robotic Operating System

SIFT Scale Invariant Feature Transform

UAV Unmanned Aerial Vehicle

UART Universal Asynchronous Receiver-Transmitter
UDP User Datagram Protocol

UuwB Ultra-Wideband

VI-SLAM  Visual-Inertial Simultaneous Localization and Mapping



1 Introduction

Unmanned Aerial Vehicles (UAVS) are currently used in a wide range of scenarios and
commercial applications. They already have reliable localization methods based on the
Global Navigation Satellite System (GNSS), Visual-Inertial Simultaneous Localization
and Mapping (VI-SLAM) or Ultra-wideband (UWB) systems. The rst method is usu-
ally used in outdoor environments, where it is relatively simple to use a GNSS sensor
to obtain accurate positioning data [1]. The second and third methods prove their utility
in environments where GNSS signal is unreliable, for example inside buildings, where
localization systems such as UWB [2] or VI-SLAM are preferred [3].

Autonomy of aerial drones and their hardware capability have signi cantly improved
in the last years, enabling them to safely y autonomously over relatively long distances,
beyond visual line of sight (BVLOS). However, less attention had been given to providing
accurate positioning data during long distance UAV ights without using GNSS. This is
an essential matter since UAV are complex systems in need of a failsafe mechanism that
can be automatically engaged when GNSS signal becomes unavailable due to various
reasons (e.g., jamming, spoo ng [4] or severe weather conditions).

At the same time, image processing capabilities using deep neural networks have been
constantly improving in the last decade, enabling even real-time recognition of objects
and segmentation. This observation also holds for the processing of satellite image data,
where arti cial intelligence (Al) models are trained to differentiate between important

objects such as buildings and rivers [5].
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Building on top of available open source technology and algorithms, this paper aims
to provide a reliable positioning mechanism for UAVs by only using RGB photographs
provided by a camera mounted on the drone and satellite images of the ight area. The
method is based on deep neural image segmentation that enables the localization of the
vehicle by extracting recognizable features of buildings, roads, rivers and forest edges.
These features will be further mapped to static satellite images using techniques such
as template search, scale-invariant feature transform (SIFT) and graph neural networks

based matcher.

1.1 Signi cance and motivation

The main goal of the project is to develop a localization algorithm that does not rely on
GNSS for long-distance ights. The result will prove its utility in situations where GNSS
signal cannot be reliably used and as a failsafe alternative that enables the drone to reach
its goal position or at least land safely in a pre-established location. New commercial im-
plementations such as autonomous drone delivery could use the new localization method
to improve the reliability of navigation.

The core attribute of the project is the environment in which vision-based localiza-
tion is provided:in the wild denoting natural (non-urban) environments where arti cial
structures such as buildings and roads are sparse. This characteristic transforms what
would be a trivial feature matching and homography computation problem inside a city
into a challenging process, due to the dif culty of nding salient features in natural envi-
ronments. Nevertheless, the nal implementation is able to provide accurate localization
results using a neural network for feature matching between drone photographs and satel-
lite images.

Another signi cant feature of the implemented localization algorithm is that the pre-

mapping process does not require the UAV to y. The map is built using exclusively open
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source satellite images, with the objective of enabling autonomous localization in any
area where the drone can y, assuming it is legally and physically possible (due to harsh

environmental conditions).

1.2 Related works

Previous studies directly related to this project include semantic segmentation based path
planning [6], localization using open source Google Earth (GE) aerial images [7] and pose
estimation with neural networks trained with georeferenced satellite photographs [8]. In
addition to these, an open source image segmentation model originally used for building
virtual worlds [9] proved its utility in providing useful input both for localization and
navigation purposes.

Additionally, a graph neural network that provides feature computation and matching
for outdoor images [10] became part of the implementation in the current project due to
its improved performance, as described in Section 3.4. The model proved its ef cient
application not only for matching features, but also for the perspective transformations
(namely homography) used in computing geographical coordinates when running the im-
plemented vision-based localization algorithm.

Another related paper worth mentioning is [11], which uses an advanced template-
based matching algorithm to compute the pose estimation of a UAV using only images.
Because of insuf cient computation resources at the time, no implementation is provided
on the onboard computer of a drone. Another major difference, compared to this project,
is that the drone navigates speci cally urban environments, where computing and match-
ing visual features is much less of a challenge, compared to natutthle wild, ying

areas.
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1.3 Contribution

This thesis covers the study of different methods for vision-based GNSS-Free localization
as well as the practical implementation and test of a selected approach, which was deemed
to be the most technically feasible and robust. The core contributions of this thesis are the

following:

1. Study three different approaches (template matching, SIFT features and deep fea-

tures) to provide GNSS-Free vision-based localization for UAVs.

2. Design and implement a system for GNSS-Free localization that can run on an
onboard a computer of a UAV based on matching deep features from live images

with a pre-built satellite map made of georeferenced open-source images.

3. Provide a working framework based on 5G connectivity that enables remote opera-

tion of a drone and also video streaming over the mobile network.

4. Gather datasets consisting of RGB photographs and solid state LIDAR point cloud
that enables the implementation and testing of future vision-based and LIDAR-

based GNSS-Free localization algorithms for UAVS.

1.4 Structure

This thesis is organized in 6 chapters, as described below:

» Chapter 2 offers a brief description of the open source hardware and software

systems that represent the foundation on which this project was developed.

» Chapter 3 describes the individual components used in implementing the system,
motivates the essential design choices and provides an overview concerning the

functioning of the entire project.
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« Chapter 4 is mainly concerned with the detailed description of the software and

hardware subsystems that represent the main contribution of the thesis.
» Chapter 5 presents the experimental results of the project.

« Finally, the conclusion of the project and ideas for further research can be found in

Chapter 6.



2 Background

This chapter provides an overview of the main software and hardware building blocks on
which this project is based on. Section 2.6 is especially important since it describes the

feature matching mechanisms used in the developed localization algorithm.

2.1 Robot Operating System

The Robot Operating System (ROS) is an open-source middleware platform that en-
ables and accelerates the development of software designed speci cally for application in
robotics. The main advantages of using ROS is the possibility to reuse code from previous
projects and its communication framework that facilitates sensor fusion and considerably
reduces the time needed for implementing algorithms. For example, replacing a hardware
component (i.e. sensor) with a different version on a robot running ROS does not involve
tedious and time-consuming tasks such as rewriting rmware components, but simply up-
dating an interface — called package — that interacts with the component. The backbone
of ROS is represented by its asynchronous communication via messages published by
different nodes on multiple topics, depending on the data type and its origin. A simpli ed
diagram of this type of communication can be observed in Figure 2.1.

The widespread use of ROS 1 lead to the development of ROS 2, which is an im-
proved version used both in research [13] and commercial applications. There are many
reasons for which the second version was rebuilt on different principles compared to the

legacy one, such as security concerns, modularity and decentralization. To demonstrate



2.1 ROBOT OPERATING SYSTEM 8

Figure 2.1: Communication framework of ROS [12]

the reliability and performance of the system, it is suf cient to mention that ROS already
plays an essential role in developing mission-critical code for space missions organized by
NASA [14]. One of the main improvements is the use of an open communication standard
based on the publish-subscribe model called Data Distribution Service (DDS). Following
its wide acceptance in both research and commercial application, a multitude of ready-
to-use software packages based on ROS were developed, considerably accelerating the
development of new applications in the eld of robotics.

In this project, both versions of ROS were used for simulations, data gathering and
experiments involving autonomous ight of the UAVs. Using a programmable ight con-
troller called PX4 (see Section 2.2 for details), ROS is a fundamental software system
of a UAV, enabling the real-time analysis of data from different sensors such as cameras,
GNSS rovers, IMUs etc. The main advantage of using ROS 1 together with the PX4
ight controller is the robustness of its implementation (it rarely crashes compared to the
ROS 2 version) and the simplicity of setting up the development environment (it features
pre-built Linux binaries for the installation). On the other hand, ROS 2 offers a multitude
of new features and a communication bridge with the ight controller based directly on

DDS, instead of being reliant on MAVLink protocol, which is supposed to reduce the



2.2 PX4 AUTOPILOT 9

overhead of exchanging messages.

2.2 PX4 Autopilot

PX4 Autopilot [15] is an open-source ight controller software intended to run on a mul-
titude of hardware boards called Flight Management Units (FMU) designed by different
manufacturers using the same implementation standards. It can be easily integrated with
ROS and simulation environments such as AirSim or Gazebo, enabling the development
and testing of autonomous navigation algorithms. The PX4 controller uses an extended
Kalman lter to aggregate and process data from different sensors: GNSS unit, barome-
ter, inertial measurement unit (IMU). The sensor fusion capabilities allow the developer
to focus on high level algorithms like path planning and tracking, instead of dealing with
the complexities of controlling a hard real-time system with 6 degrees of freedom, which

is the UAV.

2.2.1 Flying modes

One of the most important features, especially from a safety standpoint, of PX4 is the
possibility of using different so-calleBlight Modesto control the drone. For example,
the ight mode featuring the easiest manual contrd?asition modewhich represents an
important failsafe mechanism when autonomous navigation is no longer feasible. Posi-
tion mode relies on accurate GNSS localization data to maintain the current altitude and

position of the drone, in spite of external factors such as wind speed.

2.2.2 Flight parameters

Due to the high complexity of ight control algorithms which rely on multiple sensors
and control loops, there is a need to easily adjust certain parameters in order to safely and

reliably y depending on external conditions. This is the reason the PX4 controller offers
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the possibility of modifying a set consisting of hundreds of different parameters, some of
them being of critical importance. For example, a parameter cBIldd RETURN_ALT

controls the altitude to which the drone will ascend or descend once the UAV engages
the return-to-home action (can be activated manually or automatically as a failsafe mech-
anism upon sensor failure). More details about critical PX4 parameters and their values

can be found in Section 4.3.2.

2.2.3 Advanced features

In addition to the necessary features that enable basic ying and control characteristics,
PX4 also offers optional advanced modules that can be used to integrate additional sensors
or activate special ying modes. For instance, a precision landing mode can be used if the
UAV is equipped with either a LIDAR (Light Detection and Ranging) or infrared sensor
[16]. Another useful advanced feature is the use of RTK GNSS localization systems that
can provide centimeter level accuracy for reliable ground truth measurements and precise
control of the UAV.

Another important feature provided by PX4 is the automatic logging of parameters
and sensor states for each ight. Essential variables such as GNSS location, heading,
velocity are recorded, but the logs also provide other meaningful data (such as vibration
levels of the frame) that can be used for improving the design and autonomy level of the
aircraft. In case of accidents or mid- ight sensor malfunctions, the ight log provides
data that can be used for tracing back the root cause of technical or human errors in order

to improve future designs and algorithms.

2.3 Bridging PX4 and ROS

There are two possible ways to enable communication between the PX4 ight controller

and ROS (either version 1 or 2). The rst one, which has been in development for a longer
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Figure 2.2: High level architecture of PX4 — ROS 2 bridge [17]

times and is more robust, relies on bridging ROS topics to MAVLIink messages that can be
directly interpreted by PX4. The second method, recommended by the PX4 developers,
implies using a DDS implementation on the ight controller callmicroRTPS bridge
natively supported by ROS 2. This enables the ight controller and ROS 2 instance to
communicate with less overhead compared to the rst bridging method, making this so-
lution more appropriate for real-time exchange of messages, as can be observed in Figure
2.2.

The reasons for adding this extra layer of complexity are stated in Section 2.1. En-
abling real-time communication between ROS and PX4 allows the developer to make full
use of the sensor fusion capabilities of the ight controller without considering low level
control mechanisms when designing autonomous ight algorithms. In this way, a safe
method of testing experimental localization, path planning and path tracking algorithms
is being made possible. In case of malfunctions, it is always possible to trigger failsafe
mechanisms, such as returning automatically to the taking off position or enabling manual

control of the drone.
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Figure 2.3: Detailed interface of microRTPS bridge [17]

2.3.1 Interfacing PX4 with ROS 2

As mentioned above, instead of directly relaying MAVLink messages to PX4 — a ma-
jor limitation since the protocol was initially designed for low bandwidth use which can
be easily exceeded — ROS 2 uses an interconnection application watlexdRTPS This
program, instead of relying on MAVLIink to transmit messages, uses either a Universal
asynchronous receiver-transmitter (UART) or User Datagram Protocol (UDP) connec-
tion, which allows for more exibility when designing the communication and process-
ing system of a UAV. For instance, in addition to more bandwidth and lower latency, the
microRTPS bridge also allows the PX4 controller to communicate with a computer which
is not physically installed on the drone, but it is part of the same virtual network. More
details about the advantages and the added exibility of such a design can be found in
Section 4.4.

Another major advantage of the PX4 — ROS 2 bridge implementation is that it enables
the use of simulators such as Gazebo or AirSim where offboard control scripts can be
rigorously tested before implementing them on real UAVs. This is an obvious safety ad-
vantage, since the algorithms that provide autonomous navigation on drones are mission-
critical systems in which failure rates and bugs must be kept at a minimum. For this rea-

son, PX4 can be used with either Software-in-the-Loop (SITL) or Hardware-in-the-Loop
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Figure 2.4: Interface of the ground control station during ight

(HITL) simulation modes [18]. The former uses a completely simulated environment (in-
cluding as fake sensor data), while the latter runs the code on a physical PX4 controller
and uses real sensor data. In the case of SITL simulation, the interfacing between the
ight controller, QGC, path planner algorithm and the actual simulator is made through
UDP ports. In addition, HITL simulation uses serial communication, namely UART, to

exchange messages between the physical PX4 controller and the simulator.

2.4 QGroundControl

QGroundControl (QGC) is a cross-platform open-source (runs on Windows, Mac OS X
and Linux) ground control station for manually controlled or autonomous micro aerial
vehicles (MAV). Its main purpose is to provide a facile way to interact with the drone,
supervise the correct functioning of the onboard sensors and act as a failsafe mechanism in
case of emergency. Additionally, it allows upgrading the rmware of the ight controller
and modify the ight parameters depending on the ight conditions. For example, when
ying indoors, certain parameters need to be changed accordingly in order for the ight
controller to use the localization data provided by the motion capture system instead of

the GNSS sensor (see Section 4.3.2).
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In Figure 2.4 the interface of QGC running on Ubuntu 20.04 can be observed. The
drone is being manually controlled (usiRgsition ight mode) and a third party applica-
tion provides the real-time feed of the onboard camera. One of the essential features of
the control station is that is uses a separate radio (or internet based) link for transmitting
telemetry data — current GNSS position, heading, altitude and velocity being the most
important. In addition, it allows for switching between ying modes, emergency land or
return the MAV to its take off location independently of the radio transmitter used for
manually controlling the drone. This essentially means that QGC also acts as a manual
failsafe mechanism in case the UAV malfunctions while ying in autonomous mode and

cannot be controlled using the main radio controller.

2.5 Satellite image segmentation

There is a multitude of remarkably accurate deep neural networks intended for segmenting
aerial images taken with satellite cameras [19]. Most models are trained for speci cally
segmenting building footprints in urban areas [5], but in this project a reliable pre-trained
model that could differentiate between at least 3 classes (buildings, forests, elds) was
necessary. This speci c requirement was the main reason for choosing an open-source
model [9] based on Swin Transformer [20]. In short, [9] provides a model pre-trained
using satellite photographs with 1000x1000 pixel resolution and 500x500 meters geo-
graphical footprint. The photographs used for training were taken in forest areas from
France, so geographical zones that are quite similar to the ones in Finland, on which the
localization algorithm developed in this paper was tested. The model effectively differ-
entiates between 6 classes representing different ground surfaces as seen from an aerial
perspective of a camera pointed directly towards the earth (90° relative to the ground
surface).

Figure 2.5 shows 3 examples of segmented satellite images taken from diffgeent
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Figure 2.5: Segmentation of GE satellite images from different altitudes
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