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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.
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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 first 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 significantly improved

in the last years, enabling them to safely fly 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 flights 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, spoofing [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 artificial intelligence (AI) 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 flight 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 Significance and motivation

The main goal of the project is to develop a localization algorithm that does not rely on

GNSS for long-distance flights. 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 artificial

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 difficulty of finding salient features in natural envi-

ronments. Nevertheless, the final implementation is able to provide accurate localization

results using a neural network for feature matching between drone photographs and satel-

lite images.

Another significant feature of the implemented localization algorithm is that the pre-

mapping process does not require the UAV to fly. 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 fly, 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 efficient

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 insufficient 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 specifically urban environments, where computing and match-

ing visual features is much less of a challenge, compared to natural, in the wild, flying

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 specifically 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 firmware 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 simplified

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
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Figure 2.1: Communication framework of ROS [12]

the reliability and performance of the system, it is sufficient 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 field of robotics.

In this project, both versions of ROS were used for simulations, data gathering and

experiments involving autonomous flight of the UAVs. Using a programmable flight 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

flight 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 flight controller based directly on

DDS, instead of being reliant on MAVLink protocol, which is supposed to reduce the
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overhead of exchanging messages.

2.2 PX4 Autopilot

PX4 Autopilot [15] is an open-source flight 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 filter 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-called Flight Modes to control the drone. For example,

the flight mode featuring the easiest manual control is Position mode, which 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 flight 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 fly 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 called RTL_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 flying and control characteristics,

PX4 also offers optional advanced modules that can be used to integrate additional sensors

or activate special flying 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 flight. 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-flight sensor malfunctions, the flight 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 flight controller

and ROS (either version 1 or 2). The first 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 MAVLink messages that can be

directly interpreted by PX4. The second method, recommended by the PX4 developers,

implies using a DDS implementation on the flight controller called microRTPS bridge,

natively supported by ROS 2. This enables the flight controller and ROS 2 instance to

communicate with less overhead compared to the first 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 flight controller without considering low level

control mechanisms when designing autonomous flight 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 called microRTPS. This

program, instead of relying on MAVLink to transmit messages, uses either a Universal

asynchronous receiver-transmitter (UART) or User Datagram Protocol (UDP) connec-

tion, which allows for more flexibility 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 flexibility 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 flight

(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

flight 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 firmware of the flight controller

and modify the flight parameters depending on the flight conditions. For example, when

flying indoors, certain parameters need to be changed accordingly in order for the flight

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 (using Position flight 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 flying 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 flying 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 specifically

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, fields) was

necessary. This specific 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 1000×1000 pixel resolution and 500×500 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 different eye
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Figure 2.5: Segmentation of GE satellite images from different altitudes
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altitudes (the approximated altitude of a virtual camera that would take the photograph)

in GE. From top to bottom, the corresponding eye altitudes are approximately 100 m, 500

m and 1 km, respectively. Since the neural network that implements the segmentation [9]

had been trained with square map sections with the side length of 500 m, the best results

are provided for relatively high altitudes, of 1 km. When segmenting low altitude images,

the model is unable to reliably distinguish roads and to differentiate between sparse and

dense forests.

The most important classes are dense forests, buildings and roads because they pro-

vide good tracking features (especially artificial structures) used in feature matching of

the photographs. Admittedly, there are certain disadvantages of using an already trained

model, such as the fact that the training images are taken from a perspective correspond-

ing to a higher altitude than the one used for collecting data with the UAV (120 meters

due to legal considerations). This mismatch causes the model to sometimes output lower

accuracy segmentation results, such as confusing a dense forest with a plain field. Never-

theless, the model proved to be reliable enough for enhancing the localization algorithm,

especially when using template matching (see Section 2.6.1).

2.6 Image matching – useful concepts

The main objective of this project is finding a robust and fast enough technique of calcu-

lating the geographical location by matching photographs taken by a camera mounted on

a drone with georeferenced satellite images stored on the onboard computer of the UAV.

The core of the problem is implementing an image matching technique that finds the best

correlation between what the drone camera captures at a given time and the onboard map.

A visual representation of these concepts is found in Figure 2.6 that shows an example

where a lower altitude image is identified as being part of a larger satellite photograph

using the techniques introduced in the sections below.
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Figure 2.6: Comparison between the three studied methods: template matching (top),

SIFT features (middle), deep features (bottom)

.
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The simple scenario showcased in Figure 2.6 is characterized by some simplifications

which make the feature matching process less challenging than using real datasets of

drone photographs, with some difficulties listed and explained in Section 5.2. Nonethe-

less, this way of simulating drone camera perspective by using satellite imagery has

proven its usefulness by providing a method to test and calibrate the three studied fea-

ture matching techniques.

2.6.1 Template matching

A widely used classical (in the sense that it does not involve machine learning) approach

in image recognition and photogrammetry is template matching. Briefly, the concept

is focused on finding a known pattern (small image) in a larger picture. The searched

template, characterized by its size (p,q) is progressively shifted along the horizontal (j co-

ordinate) and vertical axes (i coordinate) of the larger image for a given number of pixels.

For each shifting iteration, a cost function is calculated, which returns the degree of simi-

larity between the searched patch and the bigger picture [21]. At the end of the described

algorithms, a pair of (u,v) coordinates is returned, representing the most probable location

of the searched template (see Figure 2.7). An important note here is that the result is

characterized by a confidence level, meaning that the found pattern might not be actually

contained in the image. This statistical nature of the algorithm needs to be addressed in

order for template matching to be a reliable method in mapping and localization.

There are two main advantages of using template matching:

• Invariance to contrast, brightness and translation

• Relatively simple implementation

The main assumption when performing template matching on two photographs is that

they only differ in contrast, brightness and translation (the relative position of the template

in the bigger image) [22]. Its relatively simple implementation allows speeding up the
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Figure 2.7: Main principle of template matching: the pattern Pm is matched against the

gray area representing the larger image [22]

algorithm even on embedded systems, which is an essential feature for a technique used

in real-time systems such as UAVs. In spite of its simplicity, the main drawback of using

the template match technique is its lack of robustness for instances when the searched

pattern is rotated, relative to its position in the larger image. This essentially means that

the degree of similarity between the pattern and the bigger picture significantly decreases,

even for small (under 5°) rotations. An obvious solution would be to run the template

matching algorithm multiple times, for different rotations, but this greatly increases the

processing time, making the technique inappropriate for a real-time application.

2.6.2 Scale invariant feature transform

Another widely known and extensively tested image matching technique is Scale invari-

ant feature transform (SIFT) [23]. Originally used for finding partially occluded objects

in a given image, the approach provides good results for matching two pictures of the
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same size. Firstly, the transform computes the SIFT keys for both images, which is a

collection of salient features of the objects found in the photographs. Secondly, using a

nearest-neighbor technique, the features found in the first image are matched to the ones

in the second image. Two SIFT keys are considered to describe the same image feature

if they have a minimum Euclidean distance between the two vectors corresponding to

the keys [24]. This approach ensures that the probability of the matched keys to actually

represent the same object feature in the two images is maximized.

Compared to template matching, SIFT is also partially invariant to rotation and pro-

vides reliable results even with partial occlusion of the searched object. Another major

advantage is its relatively fast computation and matching of key features, allowing the

processing of approximately 2 frames per seconds (FPS) [23]. These characteristics make

the technique a good potential candidate for matching the drone camera feed to the map

comprised of satellite images.

2.6.3 Deep feature matching based on neural networks

Classical heuristic approaches such as template matching and SIFT can be enhanced or

altogether replaced by a neural network trained on a specific dataset, such as indoor im-

ages or outdoor landscapes. Since image matching consists of two main steps – feature

detection followed by feature matching – either one of them (or both) can be computed

using neural networks. For example, SuperGlue is a supervised graph neural network

that takes as input previously computed features and matches them using the Sinkhorn

algorithm [10]. SuperGlue can be used with features provided by classical approaches

like SIFT or it can be coupled to another neural network, such as SuperPoint [25], which

generates the features that need to be matched.

The main advantage of AI models used in matching are the speedup of the process (ap-

proximately 14 FPS [10]) and the improved precision of the technique, providing more

accurate results and fewer false-positives when matching features. Obviously, this ad-
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vantage is shadowed by the fact that using supervised neural networks requires a lot of

resources for training the model in the first place, by manually annotating large datasets.

Conversely, a pre-trained model can be used in a given application, even if the inference

data is slightly different from the training dataset, with the effect that accuracy of the

matching will decrease. Ideally, if time and financial resources allow it, the best approach

would be to retrain the neural networks used in feature computing and matching using

specific datasets that pertain to the given application of the model, in this case aerial

images. Nevertheless, even with a pre-trained model, neural networks provide the best

performance in terms of computation speed and matching accuracy, as can be seen in

Chapter 3.

2.7 Legal considerations for flying UAVs

In all the European Union states, UAVs are highly regulated systems and different regu-

lations apply to them based on their take off weight and level of autonomy [26]. There

are 3 main categories of UAVs, divided into A1, A2 and A3 classes, based mainly on

their weight (maximum of 900 grams, 4 kg and 25 kg, respectively) and the minimum

flight distance to uninvolved persons. If a drone weighs more than 250 grams, it requires

its remote pilot to have a license issued by the national authority for regulating aircraft

systems, obtained after passing an exam.

The most important rules to follow when flying a drone involve never exceeding a

maximum altitude of 120 m AGL, complying with no flight zones (inside urban or resi-

dential areas) and maintaining a minimum safety distance of at least 100 m between the

UAV and uninvolved participants. These mandatory flying rules have been followed dur-

ing the experiments in Chapter 5 and explain why flying at higher altitudes and above

areas with multiple buildings (which could improve the vision-based localization accu-

racy) was not possible.



3 Design overview

In this chapter, the software design choices of the localization algorithm are discussed

in detail and a brief survey of three feature matching methods for RGB photographs is

provided. The chapter offers a qualitative analysis that aims to provide arguments for

choosing algorithms used as essential building blocks described in Chapter 4. Finally,

one of the feature matching techniques, based on a pre-trained graph neural network, is

preferred for the final implementation due to its real-time performance and high accuracy.

3.1 Flowchart of the system

Before describing in detail each one of individual software modules on which the local-

ization algorithm is based on, it is useful to offer an overview of the entire system. The

basic requirements of the algorithm are to consider as input an image taken with any type

of camera (wide angle is preferred) and compute the output, which is a pair of abso-

lute coordinates latitude, longitude. Compared to localization methods based on visual

features used for navigating indoor environments [27] [3], the constraints for providing

accurate results are more relaxed. Centimeter level accuracy of the positioning mecha-

nism is necessary when the UAV is navigating a building, but not when flying outdoors

at high altitude (more than 100 meters AGL). There are multiple reasons to justify this,

the main one being the difficulty of obtaining such a high accuracy considering that the

tracked image features are situated tens of meters away from the camera. Another reason

is that artificial objects, such as buildings, provide surfaces with more features to track,
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Figure 3.1: Overview of the system

compared to natural ones like forest edges.

Figure 3.1 provides a general understanding of the system, its inputs (RGB camera

feed, prebuilt map) and output (geographical position of the drone). The core of the design

is the feature matching mechanism which generates and matches noteworthy features of

images from two sources: downward facing camera mounted on the drone and a list of

aerial images taken from GE that basically comprise the map of the flight zone. The

image segmentation plays in important role in this process because it enables the feature

matching algorithms to only use parts of the camera feed which contain salient features.

For example, if the camera feed is pointed at a building (high number of features to

be matched) situated in a grassland (featureless area), the image segmentation module

provides as input for the feature matcher only the part of the image which contain the

building. This essential feature of the localization system improves both the processing

speed of the images to be matched and the positioning accuracy.
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Figure 3.2: Template match localization of a small patch in a satellite image

3.2 Template matching – sensitive to rotation

In order to check if template matching represents a good approach for implementing the

localization algorithm, a small test was designed using only satellite images from GE

as data. A sample OpenCV implementation [28] was used as a baseline and modified

accordingly for aerial images.

An important change was integrating the image segmentation model described in Sec-

tion 3.5. Simply using the whole image provided by the RGB camera for matching would

provide fairly inaccurate results. Consequently, the image segmentation model was used

to identify buildings present in the image. After this important step, only the section of

the image that contains buildings is used for template matching because artificial struc-

tures provide distinct features which yield accurate localization results. An example of
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the output of this implementation can be seen in Figure 3.2, where a small patch (inside

the blue rectangle) was successfully located inside the satellite image, providing a high

altitude perspective of the ground area.

At first, template matching coupled with image segmentation provided encouraging

results because the small patches (representing a simulated perspective of the drone cam-

era) could be located successfully in the satellite images, provided that they have precisely

the same orientation. If the orientation of the query image is even slightly different (less

than 10°) from the one in which the small patch is matched, then the results are not reli-

able anymore. Of course, heading data from the integrated flight controller compass could

be used to properly align the drone pictures with the on onboard satellite images, but not

in all types of conditions. Since the magnetic compass of the drone can be easily affected

by interference from sources such as high voltage power lines, a method which is more

robust against rotation had to be found.

3.3 SIFT – inaccurate for real photograps

Template matching proved to be too sensitive to rotation to be used in a localization

algorithm. As a result of this, a SIFT feature matcher was used, using the same test

approach like in Section 3.2, locating a low altitude satellite image inside a higher altitude

one. In spite of its relative slowness (only 2 images could be processed each second), SIFT

seemed to be as accurate as template matching and, more importantly, more resistant

against rotation. An example output of the implementation can be seen in Figure 3.3,

where green lines represent the link between matched features in the two test images.

The results using simulated drone perspective from satellite data were encouraging

enough, so that the SIFT approach could be tested on real data. When trying the SIFT

feature matching algorithm on real drone photographs (see Chapter 5), it could no longer

provide accurate results. The explanation for this expected behavior lie in the characteris-
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Figure 3.3: SIFT features match example

tics of real photographs, which are highly dependent on factors such as weather, seasons

and time of day when the picture was taken. For example, shades caused by the relative

position of the sun during the day can have a significant impact on feature matching due

to occlusion.

SIFT based feature matching was so unreliable for real data, that it could not be ef-

fectively used to calculate geographical coordinates. When iterating through the satellite

images that form the map of the flight area (see Section 3.6.1 for additional details),

roughly the same number of features were identified between the real photograph and all

the satellite pictures. This result made it impossible to actually locate more than a few of

the real drone pictures, resulting in SIFT being an inappropriate method to be used in the

localization algorithm. Consequently, a new method based on a graph neural network [10]

for feature matching had to be designed and implemented, described in the next section.
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Figure 3.4: Superglue feature based localization

3.4 Matching salient features of aerial RGB photographs

After the tests performed with template matching and SIFT were considered not accurate

enough for the localization algorithm, a new method, involving the use of neural networks

for both calculating and matching image features, was considered. SuperPoint [25] – used

for calculating features – and SuperGlue [10] – used for matching the features – are two

coupled neural networks that can reliably find correspondences between two pictures of

the same environment taken from different perspectives.

The main reason for choosing this architecture was that it can accurately compute the

homography needed for locating an object present in two test images, even if the perspec-

tive and lighting conditions of the two samples vary widely. For example, Superglue was

used in the original work to match building facades when one picture was taken during

the day and another during the night, with significant changes in the perspective. Even so,

the homography estimation achieved 90% accuracy [10], which was proof it could also

be used for matching aerial images.

Figure 3.4 shows an example output of the modified SuperGlue algorithm, which

provides the homography calculation for accurately locating salient features (computed

with SuperPoint) that are present in both photographs. On the left (drone perspective),

features provided by the distinctive shape of the road and the building can be used to find
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correspondences in the image on the right (satellite perspective). Even if the rotation is

significantly different (more than 20°) and the pictures were taken one year apart from

each other, at different times of day and from a different altitude, the feature matcher

is able to find enough correspondences for reliable localization. The correspondences

marked in green have a higher confidence level of confidence than those marked in red. An

important note here is that only correspondences with a confidence level higher or equal

to 50% were used to compute the homography, compared to the default value of 20%.

The chosen value is high enough to disregard features which would lower the localization

accuracy, but low enough so that enough points are found between pictures which vary

significantly in rotation, translation and perspective.

3.5 Enhancing localization accuracy by image segmenta-

tion

Figure 3.5 shows the output of the image segmentation model [9] chosen for augmenting

the template matching (Section 3.2) and SIFT based (Section 3.3) feature matching algo-

rithms. Buildings (colored in blue) and roads (colored in gray) provide salient features

which can be tracked with any feature matching algorithm. Forest edges (red) are another

example of objects with distinctive shapes which can be reliably localized.

Consider the UAV would have to navigate from the buildings situated in the southern

part of the map in Figure 3.5 to the constructions located in the northern side without

using GNSS sensors. Accurate visual based localization can only be provided when the

camera on the drone can keep track of buildings, roads or forest edges. Consequently,

the image segmentation model offers a representation of the flight area which can be used

by a path planning algorithm to avoid featureless areas unsuitable for path tracking, as

suggested in [6], where only ground truth segmentation was used.

This approach also offers the possibility of using other types of sensors than cameras,
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Figure 3.5: Example of a segmented satellite image

which are obviously only suitable during the day and in good weather conditions. As

shown in [29], LIDAR sensors provide accurate distance measurements and object track-

ing even in adverse weather conditions. Compared to cameras (passive sensors), LIDARs

are active sensors, which makes them suitable for use at night or when natural light is not

sufficient for feature matching.

3.6 Map building

Accurate feature matching of images is only useful if the drone camera photographs can

be precisely linked to geographical coordinates. An important assumption of this project

is that the flight area of the UAV is known in advance, so a map for that specific zone can

be built and uploaded on the onboard computer for offline use. The map is composed of

rectangular sections representing RGB satellite images with an approximate resolution of

1400×1200 pixels, collected from GE. Each one of these sections are collected from the

same perspective, with the camera view perpendicular on the ground surface and from an

altitude that offers a similar field of view to a wide angle camera. One example of these

sections can be observed in Figure 3.6, where the transparent white rectangle represents

the georeferenced map tile.
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3.6.1 Georeferencing map sections

Because the flight area is generally too large to be represented as only one image file,

the map is split into different section, each one of them with two distinct geographical

coordinates, a (latitude, longitude) pair for the top left corner and another one for the

right bottom corner. Instead of using a unique pair of coordinates that correspond to the

center of the image, it is more accurate to geographically reference two corners of the

section. In this manner, any set of features located in the image can be accurately linked

to geographical coordinates with a simple equation that relates pixels to latitude:

Lat = Latt +
Cy

H
∗ (Latb − Latt) (3.1)

where

Lat = computed latitude

Latt = top left corner latitude

Cy = vertical pixel coordinate of matched features

H = height of the satellite image in pixels

Latb = right bottom corner latitude

Using the same logic, longitude is computed as follows:

Lon = Lont +
Cx

W
∗ (Lonb − Lont) (3.2)

where

Lon = computed longitude

Lont = top left corner longitude

Cx = horizontal pixel coordinate of matched features

W = width of the satellite image in pixels

Lonb = right bottom corner longitude
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Figure 3.6: A georeferenced section of the map used for image matching

Since any set of located features can be enclosed in a polygon, the center of that

polygon can be used as a reference to obtain the Cx and Cy pixel coordinates which

represent the center of the polygon. This approach enables the algorithm to pinpoint

accurately the geographical coordinates of an image region rich in salient features (e.g., a

special shape such as the road in Figure 3.6).

3.6.2 Data Structures

In order to easily process a dataset containing hundreds of wide angle drone camera pho-

tographs, two classes were created. Their attributes are listed in Figure 3.7, where bold

variables are mandatory values which serve as ground truth, underlined ones are com-

puted and all other optional. All the data describing one drone photograph is read at

runtime from a CSV file built by running a script which parses the metadata of each im-

age. This metadata includes essential information such as the absolute GNSS location of

the photograph, roll, pitch, yaw of the drone (and gimbal if present) and additional camera

settings.

After running the algorithm, if the localization of a photograph was successful, the

data will be saved in a CSV which will be used to provide a quantitative and qualitative
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Drone Photograph

+ Filename (string)

+ Image (3D matrix)

+ Latitude (float)

+ Longitude (float)

+ Calculated latitude

+ Calculated longitude

+ Gimball roll (float)

+ Gimball yaw (float)

+ Gimball pitch (float)

+ Flight roll (float)

+ Flight yaw (float)

+ Flight pitch (float)

+ Match flag (boolean)

Sattelite Image

+ Filename (string)

+ Image (3D matrix)

+ Top left latitude  (float)

+ Top left longitude (float)

+ Bottom right latitude (float)

+ Bottom right longitude (float)

Figure 3.7: Classes used for representing georeferenced satellite and drone images

analysis of the results in Chapter 5. The use of specially designed data structures and CSV

files provide a smooth framework for processing datasets and improving the algorithm.

Since visualizing datasets consisting of absolute geographical coordinates (latitude and

longitude) can prove to be difficult, the coordinates can be easily converted to the metric

system using the haversine formula.



4 Implementation and experimental

setups

This chapter will provide an in depth description of the localization algorithm based on

the SuperGlue feature matcher and also describe the hardware setups which were used for

experiments during the project.

4.1 MAVs used for experiments and gathered datasets

Three different drone models were used during the experiments, due to their different

characteristics. Holybro X500 V2 (see Figure 4.1), a versatile quadcopter frame, is ap-

propriate for testing different sensors and its relatively small size makes it suitable for safe

flights indoors. This is an important aspect for testing new experimental setups, since fly-

ing outdoors requires careful planning due to the legal considerations explained in Section

2.7. DJI S1000 is a quadcopter with very limited autonomy, but with the possibility of

carrying bigger payloads, such as a LIDAR sensor and its necessary hardware dependen-

cies (see Figure 4.2). For taking photographs from high altitude (120 meters AGL), DJI

Matrice 300 quadcopter equipped with a wide angle camera (see Figure 4.4) was con-

sidered the most appropriate solution, due to its stability, long range and autonomy, in

addition to the possibility of controlling the camera gimbal.

The drones used in the experiments had various roles according to the size, techni-

cal specifications and ease of use. For instance, assembling of the Holybro model was
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X500 V2 Matrice 300 S 1000

Maximum takeoff weight 2.5 kg 9 kg 11 kg

Flight Time 18 min 55 min 15 min

Radio Control Range 300 m 8 km 300 m

Battery 4S LiPo 12S LiPo 6S LiPo

Table 4.1: Technical specifications of the MAVs used during experiments

particularly useful in understanding the general hardware architecture of the UAV and

how different components (flight controller, telemetry radio, RC control receiver, GNSS

sensor, power source etc.) interact together in real-time. Inherent challenges posed by

complex hardware designs such as mounting different cameras, choosing the best posi-

tion for the onboard computer and sensors and ensuring that a newly assembled UAV is

ready to fly had to be overcome.

The LIDAR point cloud which can be observed in Figure 4.3 is part of a dataset gath-

ered from different altitudes (50-100 m AGL) using a solid state Livox Avia LIDAR sen-

sor with non-repetitive circular scanning. In optimal lighting conditions (cloudy weather)

the range of the sensor reaches 450 m, which is more than enough to provide accurate

mapping results even when flying using the maximum legal altitude of 120 m. In the

provided figure, it is easy to visually differentiate between important classes of objects

(such as trees, fields and buildings), therefore the point could provide a segmented output

that can be matched against segmented satellite photos such as the ones found in Section

2.5. This kind of matching is not implemented in the current project, but the gathered

point cloud is a building block that can used in further research to test the viability of the

described method and enhance long range GNSS-Free autonomy.
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Figure 4.1: Holybro X500 V2 quadcopter equipped with onboard computer

Figure 4.2: DJI S1000 equipped with solid state LIDAR sensor
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Figure 4.3: Visual representation of an aerial point cloud provided by the solid state

LIDAR

Figure 4.4: DJI Matrice 300 during the data gathering experiment
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4.2 Vision-based localization algorithm

Algorithm 1 provides the core functionality of this project’s software implementation.

The developed method accepts as input RGB photographs (either JPEG or PNG) taken by

the downward-facing drone camera and matches them against a pre-built map consisting

of satellite georeferenced images (the map can be varying in size, depending on the size

of the flying zone). Upon successful localization of a drone captured photograph, the

output is a pair of absolute geographical coordinates (latitude and longitude), indicating

the position of the aerial vehicle.

In order to compute geographical coordinates, the algorithm uses a fairly simple ap-

proach. It starts by rotating the drone photograph using the image metadata providing the

orientation of the UAV and the camera gimbal to match the heading of the map sections

(always oriented northwards). The rotation is necessary because it improves the number

of features which can be matched for a pair of images. Secondly, the features of both

images (drone and satellite) are computed and matched against each other. This process

is repeated for all the satellite images and the drone is assumed to be located in the map

section which has the most matches with the current camera photograph. Following the

feature matching process, a perspective transformation is computed, that provides a link

between the position of the matched features in the georeferenced map image and their

location in the drone photograph. Since the matched map section is a rectangle with a

priori known geographical coordinates, it is possible to convert from pixel coordinates

to latitude and longitude in a straightforward manner (see Section 3.6.1 for the detailed

calculation method).

An important parameter of the algorithm is the method used for differentiating be-

tween the matched features which represent inliers and the ones which are outliers. The

method is called random sample consensus (RANSAC) and it improves accuracy of the

localization algorithm by selecting only features which are relatively close together. These

valid features are further used for the computation of the perspective transform and out-
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Algorithm 1: Vision-based localization
Input:

RGB camera drone photograph: dronePhoto

Pre-built satellite map with N georeferenced photographs

Output:

Absolute coordinates: (latitude, longitude)

rotate(dronePhoto, degrees = droneY aw)

for satellitePhoto = 1, N do
compute_features(dronePhoto, satellitePhoto)

matchesList = match_features(dronePhoto, satellitePhoto)

if length(matchesList) >= maxMatches then
maxMatches = length(matchesList)

matchedPhoto = satellitePhoto

transMat = findHomography(matchesList,method = RANSAC)

polygon = perspectiveTransform(transMat)

pixelCoordinates = center_of(polygon)

compute_geo_coordinates(pixelCoordinates,matchedPhoto)

liers are discarded.

The performance of the algorithm is tested on real drone photographs and the results

are analyzed in Section 5.1. The minimum number of matched features between a pair

of photographs that enable the computation of the drone position is four, otherwise the

perspective transform cannot be calculated. If the drone flies over featureless surfaces

such as fields or forests, an incorrect section of the map could be matched with the camera

photograph, resulting in erroneous geographical coordinates.
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4.3 Offboard control

4.3.1 Autonomous navigation

Algorithm 2 presents a simple finite state machine with four states that enable the UAV

to fly through designated waypoints (can be defined by the user or by a path planner).

In order for the drone to fly in Offboard (autonomous) mode, the FMU needs to receive

waypoints in the form of three-dimensional spatial coordinates (x, y, z) with a frequency

higher than 2 Hz. This represents a failsafe mechanism that ensures the safety of the flight

in case of hardware or software errors that would otherwise cause the drone to lose control

and crash.

For increased safety, offboard control can only be enabled if the drones has been

previously armed through an independent channel (radio control) by a human pilot. Even

if arming inside the script is possible, it is an inadvisable choice, since autonomous flight

algorithms need to be rigorously tested before flying. This is the main reason the degree of

autonomy is partly reduced and arming is done independently of the navigation algorithm.

The next step after arming is to issue the take off command by publishing a way-

point which is directly above (Z axis coordinate) the current position of the drone. A

special PX4 take off command exists, but its use causes the drone to change the flight

mode from autonomous to manual. The core of the algorithm is performed during the

START_MISSION state, in which the drone flies through the designated waypoints. Fi-

nally, after reaching its final goal position, the land command is published.

4.3.2 Important PX4 parameters

As mentioned in Section 2.2, there are a number of essential parameters that dictate which

sensors the FMU uses and what kind of failsafe mechanisms are activated in case of

hardware or software malfunctions. It is not possible to compile an exhaustive list of

parameters here, since there are hundreds of them, but essential ones should be part of the
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Algorithm 2: Offboard control
Input:

Arming command

3D waypoint list in the form of local (x,y,z) coordinates

Output:

Periodic ROS 2 messages containing intermediary local coordinates

while True do

switch STATE do

case ARMED do
enable_offboard_mode()

case TAKE_OFF do
publish_takeoff_command()

case START_MISSION do

for waypoint = 1, N do
compute_path(currentWaypoint, nextWaypoint, speedFactor)

case END_MISSION do
publish_land_command()

publish_trajectory_waypoint(x, y, z)

take off checklist.

While many PX4 parameters are self-explanatory, there are quite a few which require

additional clarification. SYS_MC_EST_GROUP determines if the extended Kalman fil-

ter (one of the most important feature of PX4 Autopilot) will be used in computing

the multitude of sensor data (IMU, GNSS sensor, magnetometer, camera, LIDAR, etc.).

This data is used for calculating the position, velocity and orientation of the drone in

real-time. EKF2_AID_MASK is used to select between the GNSS sensor (usable out-

doors) and the vision-based localization (available indoors with motion capture systems).

EKF2_HGT_MODE determines which sensor (GNSS, barometric pressure sensor or vision-

based) is used for determining the altitude. EKF2_EV_DELAY is the time between
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Value

Parameter Outdoor Indoor

SYS_MC_EST_GROUP ekf2

EKF2_AID_MASK 1 24

EKF2_HGT_MODE 0 or 1 Vision

EKF2_EV_DELAY - 50 ms

MAV_PROTO_VERSION 1

RTL_DESCEND_ALT 50 m 2 m

RTL_RETURN_ALT 50 m 2 m

Table 4.2: Essential PX4 parameters

the IMU measurements and the pose estimation provided by a motion capture system.

RTL_DESCEND_ALT (for fixed wing drones) and RTL_RETURN_ALT (for multicopters)

determine the altitude used by the UAV when the autonomous return to take off position

is triggered, either by a human pilot or a failsafe mechanism. This list is by no means

exhaustive, but it represents a set of parameters which must be checked before each take

off to minimize the risk of crashes and injuries.

4.3.3 Flight management architecture

In addition to the implementation of the vision-based localization algorithm, a ROS 2

framework that enables autonomous flight indoors and outdoors (with only changing a

couple of PX4 specific parameters) was also created. Using the PX4-ROS 2 bridge de-

scribed in Section 2.3 and a hierarchical control approach, the design described in Figure

4.5 enables the drone to fly autonomously through waypoints defined either manually by

a human user, or by a path planner. The navigation node uses as inputs sensor data re-

ceived from PX4 through the microRTPS interface and a list of waypoints. Its output is

a continuous stream of local coordinates representing waypoints close enough so that the
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UAV movement is smooth. The speed of the UAV can be easily increased or decreased

(depending on the use case) by altering the speedFactor in Algorithm 2.

The most important design choice of the framework is the fact that the Navigation

Node (NN) does not directly publish coordinates and commands to the PX4 flight con-

troller, but to an intermediary node that ensures the soundness of the data before feeding

it to the FMU. In this sense, the NN directly receives sensor data from PX4 to ensure min-

imum latency, but its output, consisting of coordinates, is published to the Check topic to

which the Safety Check Node (SFC) is subscribed. Basically, the safety node is simply

relaying data (only after ensuring its correctness) between the NN and the trajectory topic

that dictates the movement of the drone.

The SFC performs 4 different checks before relaying the trajectory data to the FMU:

1. The distance between two consecutive waypoints issued by the NN is lower than a

specified threshold (default 0.4 meters)

2. The AGL altitude does not exceed a maximum value (default 3 meters)

3. The distance between that previous and the current location of the drone does not

exceed a specified value (default 0.5 meters)

4. The distance between the take off location and the current location of the drone

exceeds a maximum value (default 10 meters)

All the default values have been chosen for safe indoor flights, but can be easily

changed to suit longer outdoor experiments. The chosen design of the framework ob-

viously increases the latency by relaying command data through an additional node and

performing safety checks, instead of directly publishing it to the topic to which PX4 is

subscribed. This loss of performance is entirely motivated by a significant increase in

the safety of drone flying experiments. In addition to the mandatory regulation briefly

presented in Section 2.7, UAVs are potentially dangerous systems and the testing of ex-



4.4 5G CONTROL AND OFFLOADING 43

PX4 Flight

Controller

Safety Check
Node

Navigation
Node

AgentmicroRTPS

Command

Trajectory

Timesync

Odometry

Control

Mode

Check

ROS 2 

Client

Topics

Figure 4.5: Interfacing of ROS 2 nodes and topics for offboard control

perimental software and hardware setups require hierarchical control approaches such as

the one in Figure 4.5.

If any of the four safety checks fail, the SFC immediately stops publishing trajectory

coordinates to the FMU, which promptly triggers a failsafe mechanism that forces the

drone to land. In the case of failure, another choice is to switch the flight mode from Off-

board (autonomous) to Position (manual) or Hold (maintain current position). Since the

microRTPS bridge only works with unstable versions of the PX4 Autopilot software, the

failure rate is higher than usual, so the hierarchical control mechanism plays an important

role during flights.

4.4 5G Control and offloading

Considering the recent advances and the ubiquity of mobile networks, 5G technology

became an enabling communication framework for UAVs. Due to its advantages such

as high throughput and low latency – up to 1Gbps transfers with less than 50 ms delays
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Figure 4.6: Network topology of a UAV controlled over 5G

[30] – 5G is a suitable standard for the control of UAVs. This is the main reason an

experimental setup of an UAV entirely controlled through a 5G connection was designed

during the data gathering sessions of this project.

Setting up telemetry over 5G is facilitated by an application called mavproxy [31] that

can relay telemetry data to a ground control station through UDP in real-time. Addition-

ally, both the onboard and the offboard computer are in the same software-defined virtual

network to enable the exchange of data without the necessity of knowing the IP addresses

of the SIM cards used for connecting to the 5G mobile network. This kind of setup ex-

tends the range of the drone to the boundaries of the mobile network coverage, because

a direct radio connection between the UAV and the ground control station is no longer

needed. Figure 4.6 introduces a simplified network topology that enabled a drone to be

controlled over 5G.

Figure 4.7 shows a snapshot of the ground control station interface (QGC) together

with video streaming while the UAV is being controlled exclusively through a 5G connec-
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Figure 4.7: Autonomous control of UAV using 5G telemetry

tion. Even though a separate radio control connection was available due to safety reasons

(as a failsafe), the control and monitoring of the drone is entirely done through the mobile

network.

To demonstrate the viability of UAV telemetry over a mobile network, it was possible

to connect the onboard computer to a 5G smartphone using USB tethering. In this case,

the onboard computer featured 16 GB of RAM and a quad-core processor, making it

feasible for very resource intensive processing (edge computing). In a different scenario,

where a drone with a smaller payload would be used, it would be possible to process data

captured by the drone in real-time on an offboard computer that has increased computing

capabilities. For example, the localization algorithm presented in Section 4.2 could run in

real-time on an offboard computer using photos from the drone camera and providing the

UAV with GNSS-Free localization. This offloading scenario could be particularly useful

in multi-robot systems, with a swarm of MAVs (having limited computing capabilities)

connected to a 5G network where each aerial agent could be located using a GNSS-

Free vision-based algorithm. In this sense, the tested 5G control of UAVs represents an

important building block towards GNSS-Free localization and navigation.

Obviously, 5G connectivity is preferred due to its low latency and high bandwidth,

but older technology such as 4G (or even 3G) mobile networks can be used to remotely
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Figure 4.8: Drone connected to the 5G network through USB tethering

control a UAV. During the experiments, the Holybro 500 V2 in Figure 4.8 was also con-

nected to the ground control station using 4G modems (one for the onboard computer and

one for the laptop on which QGC was running).



5 Results

This chapter presents the experimental results for two photograph datasets on which the

localization algorithm was tested. The photographs were taken on sunny weather in the

wild (non-urban environment), from an altitude of approximately 120 meters AGL. Each

dataset consists of tens of photographs taken from the same perspective (camera facing

the ground). The ground truth is provided by the GNSS metadata embedded into each

photograph.

Figure 5.1 provides a bird’s-eye view of the flight area chosen for gathering the two

datasets. The zone was chosen for a number of reasons, in particular because it contains a

multitude of different surfaces (forests, fields, roads, sea shores, buildings) in a relatively

small perimeter. In addition, it is also a sparsely populated area, which makes it suitable

for UAV experiments in accord with regulation presented in Section 2.7.

5.1 Quantitative analysis

The experimental results of the two experiments are summarized in Table 5.1. A photo-

graph was considered successfully localized if the error between the ground truth GNSS

position of the drone and the location computed by the vision-based algorithm was less

than 50 meters. The most important numbers are the mean absolute error (MAE) val-

ues that characterize the localization performance of the algorithm. For the first dataset,

an average error of approximately 16 meters suggests the new localization method has

an accuracy that can be compared to that of standard GNSS positioning methods. Ad-
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Figure 5.1: Satellite view of the flight zone (highlighted rectangle). The yellow pin is

located at 60.403091° latitude and 22.461824° longitude

Total Localized MAE (m)

Dataset 1 124 77 (62%) 15.82

Dataset 2 78 44 (56%) 26.58

Table 5.1: Localization algorithm performance metrics

mittedly, the accuracy is not high enough to be used in precision maneuvers or at low

altitudes where obstacles are present, but the algorithm represents an important building

block towards GNSS-Free navigation strategies for UAVs.

Figures 5.2 and 5.4 show the computed coordinates together with the ground truth

GNSS values. For Dataset 1, the coordinates determined by the vision-based localization

algorithm closely follow the GNSS ones, with a few exceptions where the error exceeds

30 meters, as can be seen in Figure 5.3. On the other hand, the values for the second

dataset are less accurate (see Figure 5.5) and fewer photos had been successfully located.
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Figure 5.2: Computed coordinates and GNSS ground truth – Dataset 1

A comparison between the average error of the two datasets can be seen in Figure 5.6. The

major difference in performance can be attributed to the fact that Dataset 2 contains more

photographs with surfaces that have fewer features to match, such as field and forests.

As discussed in Section 3.4, the feature matching model is not rotation invariant, so it

was necessary to use the metadata of the drone photographs to align them with the map

images, which have the same heading (north). Because the UAV compass suffered from a

systematic error, all the recorded photographs were rotated with 15°clockwise in addition

to the gimbal and drone yaw. This small correction reduced the misalignment between

the drone photographs and their satellite counterparts, maximizing the performance of the

feature matching algorithm.

The boxplot of the error for the two datasets is of particular interest because it shows

that most of the images for the first experiment are located with an error comparable to

traditional GNSS services. The second dataset, however, features significantly increased

errors, which suggests that navigation strategies must include mechanisms that allow the
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Figure 5.3: Localization error – Dataset 1
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Figure 5.4: Computed coordinates and GNSS ground truth – Dataset 2
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Figure 5.5: Localization error – Dataset 2

UAV to fly only over surfaces that offer salient features to be matched. The performance of

the vision-based localization algorithm is directly dependent on the trajectory computed

by the path planner.
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Figure 5.6: Boxplot comparing the localization error for the two experiments
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5.2 Qualitative analysis

There are a number of important factors which affect the accuracy of the vision-based

localization algorithm. Among these are weather and light – depending on the season

and the amount of lighting, the drone photographs could have more or less features that

can be matched with the onboard satellite map. The photos taken during the experiments

were taken one year later, but in the same month (May) as the satellite images, in order to

maximize the similarity between them.

Another important aspect is that artificial structures such as buildings and roads tend

to have more features that can be tracked and matched, compared to natural objects. This

is the reason that transforms feature matching into a challenging task when performed in

the wild (outside urban environments). In addition to this, the open source photographs

for non-urban environments are characterized by lower resolution and are more rarely

updated than data available for cities. Nonetheless, Figure 5.7 shows that the model de-

veloped in this project is able to provide accurate matching results even when the drone

photographs differ in perspective, rotation and contain surfaces sparse in salient features.

There are limitations that can lower performance, as the MAE value (approximately

26 meters) of Dataset 2 shows. This is explained by the fact that more photographs in the

second dataset had been collected above featureless surfaces (such as fields and mead-

ows), which can lower the accuracy or even make localization impossible.



5.2 QUALITATIVE ANALYSIS 53

Figure 5.7: Examples of successfully matched drones photographs (left) and satellite

images (right)



6 Conclusion

The goal of this project was to demonstrate that GNSS-Free vision-based localization of

UAVs flying in the wild was not only possible, but a viable method which provides accu-

rate results. To achieve this objective, three localization methods were studied and one of

them was considered practical for a final implementation. To prove its effectiveness, the

vision-based localization algorithm was tested on two experimental datasets consisting of

RGB photographs taken with a drone flying at high altitude in non-urban environments.

6.1 Future research

The most important feature to be researched in the future is LIDAR-based localization

using the gathered LIDAR dataset and the image segmentation model. This approach

would enable localization of the UAV even during night or harsh weather conditions,

significantly extending the applicability of the studied GNSS-Free localization algorithm.

Another improvement would be the implementation of a path planner that dictates the

trajectory of the UAV, given an initial position and an end goal. The path planner would

make use of the developed vision-based localization algorithm and also devise a navi-

gation strategy to avoid flying the drone above featureless areas, where pose estimation

using visual techniques becomes challenging or impossible.

An incremental improvement of the current implementation, given enough resources,

could be done by retraining both the image segmentation model and the graph neural

network used in feature matching using RGB photographs taken with the drone camera,
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instead of satellite images. Although time-consuming, the retraining process would sig-

nificantly improve the accuracy of the localization algorithm.
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