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Chapter 1

General Context and Problem Defin-

ition

1.1 Introduction

In this chapter, we begin by outlining the broader context of our project, covering

the academic background and offering insights into the host organization. We then

move into an in-depth exploration of the problem definition, highlighting the key

challenges that have influenced our project’s direction. Finally, we detail our specific

contributions to the project, providing a thorough overview of our research efforts.

1.2 General Context

1.2.1 Academic Context

This work entitled "Enhancing Visual Ego-Localisation through Cross-View Image

Registration" is carried out within the framework of the Graduation Internship

presented in order to obtain the National Diploma in Telecommunications Engineer-
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ing of the Higher School of Communication of Tunis for the academic year 2023/2024.

The internship was hosted in collaboration between The German Aerospace Center

(DLR)[1] and The Digital Research Center of Sfax (CRNS) [2].

1.2.2 Host Organisms

In the following sections, we will outline the organizational structure of DLR, starting

with the institute level, moving through the department, and concluding with the

specific team where we completed our internship. We will also introduce CRNS, the

research center that played a key role in supporting and enabling the success of this

project.

DLR[1]

The German Aerospace Center (DLR), or Deutsches Zentrum für Luft- und Raum-

fahrt, is a cornerstone of scientific and technological innovation in Germany. As a

leading national research institution, DLR focuses on advancing aeronautics, space

exploration, transportation, and energy. In aeronautics, DLR conducts pioneering

research in areas such as aerodynamics, propulsion systems, and air traffic manage-

ment, all aimed at enhancing the safety, efficiency, and sustainability of air travel. In

space exploration, DLR plays a crucial role, contributing to satellite missions, Earth

observation, and international collaborations through the European Space Agency

(ESA). Additionally, DLR is dedicated to developing sustainable transportation and

energy solutions, including high-speed trains, electric vehicles, and renewable energy

sources.

DLR’s expansive network of research facilities across Germany houses cutting-edge

laboratories and simulation tools, enabling innovative research. By collaborating
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with national and international partners, DLR promotes technology transfer and

innovation, bridging the gap between theoretical research and real-world applications.

The center’s active involvement in various space missions highlights its commitment

to expanding scientific knowledge and technological capabilities. Furthermore, DLR

places a high priority on education and training, offering students, researchers, and

professionals opportunities to contribute to and benefit from its extensive expertise.

Through these efforts, DLR remains a driving force in shaping the future of aerospace,

aviation, and energy technologies both in Germany and globally.

The Remote Sensing Technology Institute: IMF[3]

The Remote Sensing Technology Institute (IMF) is a premier research institution

focused on advancing remote sensing technology and its diverse applications. At the

forefront of scientific and technological progress, IMF specializes in creating opera-

tional image processors that extract geometric and semantic information from digital

images captured by satellites, aircraft, and UAVs. Driven by the growing number

of missions, including active involvement in the Copernicus program and collabora-

tions with emerging satellite constellations, IMF has achieved significant operational

and scientific milestones. The institute is dedicated to delivering standardized, high-

quality data to an expanding user community, with a strong focus on pre-processing

raw satellite data.

Notable projects include developing ground processing software for hyperspectral

missions like DESIS and EnMAP, covering calibration, systematic and radiomet-

ric processing, orthorectification, and atmospheric correction. IMF’s research spans

a variety of fields, including photogrammetry, hyperspectral data analysis, atmo-

spheric correction, and real-time applications such as traffic monitoring using air-
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borne sensors. Recognized internationally for its atmospheric correction processors,

IMF’s innovations include cutting-edge software like PACO and MAJA, which have

advanced the field significantly. With a commitment to innovation, IMF continues

to push the boundaries of remote sensing, contributing both to operational advance-

ments and scientific discovery.

Departement of Photogrammetry and Image Analysis[4]

The Photogrammetry and Image Analysis department at IMF specializes in devel-

oping operational image processors to extract both geometric (photogrammetry)

and semantic (image analysis) information from remote sensing images captured by

satellites, aircraft, and UAVs. Driven by the growing number of missions, such as

the Copernicus program, and advancements in machine learning and computational

power, the department has achieved significant operational and scientific accomplish-

ments. A core objective is to provide standardized, high-quality data to a growing

user community, necessitating robust pre-processing of raw satellite data.

Currently, the department is engaged in developing ground processing software for

hyperspectral missions, including DESIS and EnMAP, addressing calibration, pro-

cessing, orthorectification, and atmospheric correction. Research areas within the

department include photogrammetry, hyperspectral data analysis, atmospheric cor-

rection, and real-time methods for applications such as traffic monitoring using air-

borne sensors. The team is particularly skilled in direct georeferencing, object de-

tection, and building extraction through computer vision techniques. Their work

in hyperspectral data analysis also spans land and water spectrometry, atmospheric

correction, and algorithm development, and they are internationally recognized for

their contributions to atmospheric correction processors.
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Team of Traffic Monitoring[5]

The traffic monitoring team specializes in scientific research on automated image ana-

lysis for a range of traffic applications, including real-time responses during disasters

and large-scale events. Their work encompasses the development of machine learning

techniques and benchmark datasets for tasks such as vehicle detection, tracking, and

area-based segmentation of traffic zones. Taking a comprehensive approach, the team

designs full systems and process chains that integrate both hardware and software,

enabling seamless image processing from data acquisition to result analysis.

Data is primarily collected through flight campaigns using custom-built sensor sys-

tems deployed on aircraft, helicopters, or UAVs, utilizing high-resolution 3K and 4K

optical cameras for rapid, large-scale data acquisition and processing. The team’s

efforts also support authorities and organizations in security and disaster response

tasks. Additionally, the outputs of these automated processes feed into wider trans-

portation research, contributing to improved traffic models, more accurate estim-

ates of land transport emissions, validation of mobile GNSS receivers, and enhanced

ego-localization for road users based on aerial imagery. Through this multifaceted

research, the team significantly advances both practical applications and theoretical

insights in traffic monitoring and transportation science.

CRNS[2]

The Digital Research Center of Sfax, founded in July 2012, is a public institution

dedicated to driving research and development in the rapidly evolving field of in-

formation and communication technologies (ICT). Its mission is multifaceted, en-

compassing leading-edge research, fostering innovation, and promoting the transfer

of technology into practical applications.
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With a focus on positioning itself at the forefront of ICT advancements, the center

emphasizes applied research and innovation. This focus allows it to develop sophist-

icated and relevant solutions aligned with the needs of a fast-paced technological en-

vironment. The center’s research is strategically directed toward ICT applications in

online services, particularly within the e-tourism, e-health, and e-government sectors,

addressing growing demands in areas vital to societal and economic advancement.

To support its goals, the Digital Research Center of Sfax is staffed by a skilled and

diverse team, including senior researchers, many of whom are university professors,

alongside Ph.D. students specializing in computing and telecommunications. This

combination of experience and fresh perspectives fosters a vibrant, forward-thinking

research environment.

Beyond theoretical research, the center focuses on developing practical techniques

and tools in fields such as smart agriculture and smart environments. These efforts

contribute not only to theoretical understanding but also to the creation of real-world

applications, underscoring the center’s commitment to impactful, solution-oriented

research.

1.3 Problem Definition

Consumer-grade GPS sensors, commonly used in vehicles, are essential for various ap-

plications, including Advanced Driver Assistance Systems (ADAS), robot navigation,

and geospatial data analysis. However, these sensors have inherent limitations that

impact localization accuracy—an especially critical factor for autonomous vehicles.

[6] [7]

• Satellite Geometry Arrangement and Accuracy: The accuracy of GPS data

6



General Context and Problem Definition

is highly dependent on the geometric arrangement of visible satellites. To

achieve reliable positioning, a sufficient number of satellites must be in view.

When fewer satellites are visible, the system’s ability to accurately determine

location diminishes, leading to larger errors. A stronger geometric spread of

satellites reduces positional uncertainty, while poor satellite coverage or signal

obstruction can significantly degrade accuracy. The more satellites available,

the better the precision of the positioning data.[8]

• Ionospheric and Tropospheric Effects: The Earth’s atmosphere affects GPS sig-

nals, introducing delays due to ionospheric and tropospheric conditions. Vari-

ations in atmospheric conditions can alter the speed of GPS signals, leading to

errors in distance calculations. Although selective availability (SA) has been

mostly eliminated, atmospheric effects still contribute to inaccuracies. [9]

• Receiver Noise and Sensitivity: Consumer-grade GPS receivers often have lim-

ited sensitivity to weak signals, particularly in challenging environments. The

presence of signal noise, along with the receiver’s noise-filtering capabilities,

impacts the accuracy of position estimations. [10]

• Multipath interference arises when GPS signals reflect off surfaces before reach-

ing the receiver, creating multiple signal paths. Without proper mitigation, this

effect can introduce significant errors in position estimates, especially in urban

canyons or areas with reflective surfaces. [11]

Precise localization is critical in autonomous systems, especially in applications like

autonomous driving, where highly accurate position data is required for safe and

effective operation. Autonomous vehicles must make split-second decisions based on

real-time positioning, often needing localization accuracy within a centimeter-level
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range. However, consumer-grade GPS sensors typically provide accuracy within 3-10

meters, which is insufficient for the precision required by these systems.

With technological advancements, high-precision GNSS (Global Navigation Satellite

System) receivers, which incorporate signals from multiple constellations (e.g., GPS,

Galileo, GLONASS, BeiDou), as well as real-time kinematic (RTK) techniques, are

becoming increasingly viable for meeting the localization requirements of autonomous

driving, however their implementation is constrained by the requirement for signal

reference stations, making them a costly solution.

1.4 Previous Attempts for Ego-Localization

In this section, we aim to present the previous attempts for ego-localization. We

will begin by discussing multi-sensor navigation systems and their limitations, which

highlight the growing need for more robust approaches, such as visual ego-localization.

After addressing the challenges of traditional methods, we will then explore the state-

of-the-art in visual ego-localization, specifically focusing on advancements relevant

to our task.

1.4.1 Multi-Sensor Navigation Systems

Multi-sensor navigation systems have successfully mitigated the inaccuracies of GPS

by integrating high-precision sensors. These advanced sensors work together to

provide more accurate and reliable positioning, often achieving the centimeter-level

precision required for autonomous systems. While IMUs (Inertial Measurement

Units) provide accurate short-term trajectory estimates [12, 13], they are prone to

drift over time, requiring regular calibration and synchronization. Adding radar
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sensor to autonomous vehicle navigation systems can improve the precision and de-

pendability of position and orientation estimates by enhancing GNSS and IMU fu-

sion, while radar’s long-range detection and weather-resilience qualities enhance over-

all robustness. Alternatively, various sensors including 360 cameras, depth cameras,

and LiDAR—have been widely utilized for Ego-Localization and pose estimation [14,

15, 16]. Meanwhile, other self-localization techniques based on pre-constructed 3D

High Definition (HD) maps [17, 18] face limitations due to the significant time and

resources required for map creation and ongoing maintenance.

The integration of high-end sensors significantly increases the overall cost of the

system, making it less accessible for widespread use. Additionally, these systems

still face limitations, such as sensor fusion complexity, environmental challenges, and

the need for frequent calibration and maintenance. These challenges highlight the

importance of visual ego-localization systems, as visual data is more affordable, easier

to integrate, and simpler to synchronize, offering a more accessible alternative.

1.4.2 State-of-the-art for Visual ego-localization

In crowded urban areas, cross-view localization using satellite imagery has shown

substantial potential for correcting noisy GPS signals [19, 20] and enhancing nav-

igation accuracy [21]. Additionally, visual data is relatively affordable and easy to

integrate into various vehicles such as bicycles, motorcycles, and e-scooters, enabling

data collection without requiring advanced systems.

Several frameworks have explored the effectiveness of visual ego-location and pose

estimation using visual data from both ground and aerial perspectives. For instance,

in [22], a framework called CCVPE introduces an end-to-end method for cross-view

pose estimation using a ground-level image with a varying field of view and an aerial
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image. This method estimates the 3 Degrees-of-Freedom camera pose of a query

image by matching its image descriptor to descriptors of local regions in the aerial

image. CCVPE employs two separate image encoders (without weight sharing),

fuses the encoders’ descriptors at a central layer, and then uses a decoder to produce

the output. It achieves median localization errors of 1.42 meters and 3.47 meters

on the VIGOR and KITTI datasets, respectively. CCVPE also supports ground

images with different horizontal fields of view and incorporates an orientation prior

to improve localization without retraining, though it faces challenges in generalizing

to new datasets.

Similarly, [23] introduces a method called HC-Net for fine-grained cross-view ego-

location, aligning a warped ground image with a GPS-tagged satellite image covering

the same area through homography estimation in an end-to-end network. HC-Net

processes spherical-transformed ground images and GPS-tagged satellite images as

inputs, generating a homography matrix between them. This method achieves me-

dian localization errors of 1.59 meters and 4.57 meters on the VIGOR and KITTI

datasets, respectively.

In [24], a model named PureACL presents a multi-camera fusion approach that signi-

ficantly enhances localization accuracy. This approach leverages a spatial embedding

that utilizes both intrinsic and extrinsic camera information, improving the extrac-

tion of spatially aware visual features and achieving median spatial accuracy errors

below 0.5 meters in the lateral and longitudinal directions.

1.4.3 Open Perspectives for Visual Ego-location

Visual ego-location continues to open exciting avenues for research and practical

applications, particularly in the context of dense urban environments. Cross-view
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localization using satellite imagery has emerged as a promising approach to enhance

navigation accuracy and correct noisy GPS signals, which are common challenges in

these areas. With the advantage of affordable and widely available visual data, this

technology has the potential to be integrated into a diverse range of vehicles.

One key area is improving generalization across datasets, as current methods struggle

to adapt to unseen data. Developing more robust feature representations and lever-

aging geometric transformation could address this challenge. Additionally, scalable

and lightweight solutions are essential for real-world deployment, particularly for

integration into low-cost vehicles.The flexibility of data acquisition in such setups

opens the possibility for large-scale data collection, which can subsequently be used

to enhance the generalization of deep learning approaches. This potential for mass

data gathering serves as a key motivation for our project.

1.5 Our Contributions

Our contributions focus first on the exploration of our localization dataset, which is

specifically characterized to address the challenges of the task at hand. This includes

thorough exploration, preprocessing, and labeling of the data. Next, we present our

visual localization methodology, which, as we will demonstrate, enables the correc-

tion of noisy GPS signals using only visual data. Our approach employs a fine-to-

grain localization process based on an image registration framework, leveraging deep

learning techniques to address the visual localization problem effectively.
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1.6 Conclusion

In conclusion, this chapter has established a solid foundation for understanding our

project. We began by presenting the broader context, including the academic back-

ground and an overview of the hosting organization. This was followed by a detailed

analysis of the problem definition, outlining the primary challenges that have shaped

the direction of our work. As we progress through this academic journey, the up-

coming sections will reveal our specific contributions, deepening our narrative and

highlighting the impact of our research efforts .We will begin by addressing a primary

aspect of any computer vision problem: the dataset. This includes presenting the

benchmarks for the ego-localization task. Subsequently, we will introduce our data-

set, detailing the process from acquisition to preparation. With this foundation

established, we will transition to our methodology for the visual ego-localization

task, exploring each component in depth and explaining its purpose step by step.

Finally, we will present our results and engage in a discussion of their implications,

including any limitations.
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Chapter 2

Kokovi Dataset

2.1 Introduction

In the upcoming chapter, we explore the various datasets essential to our exper-

imental work. We begin with an overview of publicly available datasets that are

widely recognized and used in current research. Following this, we provide an in-

depth examination of our own dataset, including detailed insights and explanations.

This chapter serves as an essential introduction to the diverse data sources that form

our experimental analyses and contribute to a deeper understanding of the research

context.

2.2 Benchmark Datasets

A review of the literature reveals a variety of datasets developed to support tasks

in visual ego-location and pose estimation. Each dataset, however, has distinct

characteristics and inherent limitations, as they are tailored to specific tasks within

the field. Below are some examples of these Benchmark datasets:
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2.2.1 KITTI Dataset

The KITTI dataset [25] has been recorded from a moving platform while driving

in and around Karlsruhe, Germany. It includes camera images, laser scans, GPS

measurements and IMU accelerations from a combined GPS/IMU system. The main

purpose of this dataset is to push forward the development of computer vision and

robotic algorithms targeted to autonomous driving.

KITTI is one of the most prestigious dataset for self driving, provide a number

of excellent benchmarks for the evaluation of stereo vision, optical flow, scene flow,

visual odometry, SLAM, object detection and tracking, road/lane detection, semantic

segmentation. The stereo camera faces the driving direction and has a horizontal

FoV of 90◦, KITTI is calibrated, synchronized and rectified autonomous driving

dataset capturing a wide range of interesting scenarios with raw data set is divided

into the categories ’Road’, ’City’, ’Residential’, ’Campus’ and ’Person’.

The original KITTI dataset do not contain any aerial images, therefore most visual

cross view ego-location frameworks use of the collected aerial images from [26] with

ground resolution 0.20 m/pixel Each aerial patch covers a 100 m × 100 m ground

area, As assumed in [26], ground images are located within a 40 m × 40 m area in

the corresponding aerial patches.

For many years, KITTI has been a significant benchmark in the field. However, it

has certain limitations, starting with the aerial images added later on from Google

Maps, which may introduce changes in the scenes due to time gaps between captures.

The satellite images in KITTI have a resolution of 512 × 512 pixels, covering an area

of approximately 100 × 100 meters, resulting in a Ground Sample Distance (GSD)

that may not capture finer road features crucial for cross-view ego-location tasks.
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While these satellite patches provide a broad structural overview of the scene from

above, a single ground-level query image often contains finer details that describe

specific scene features. This is why frameworks employing four-camera views or 360-

degree views can often work more effectively with larger GSDs; in contrast, KITTI’s

satellite GSD can pose challenges for fine-grained localization. Additionally, because

KITTI uses GPS data as part of its ground truth positioning, there is an inherent

positional error, particularly notable in scenes captured in dense urban areas.

2.2.2 VIGOR Dataset

The VIGOR dataset [27] includes geo-tagged ground-level panoramic images and

satellite images collected across four major U.S. cities. Unlike earlier cross-view

image retrieval datasets, VIGOR’s satellite patches seamlessly cover target areas,

with each patch corresponding to a 72.96m × 72.96m ground area and a Ground

Sample Distance (GSD) of 0.114 m/pixel. The orientation of each satellite patch is

aligned with the ground panorama such that the vertical centerline of the panorama

points north in the satellite image.

Each patch typically overlaps with neighboring patches by approximately 50% to

the north, south, east, and west, meaning that each ground image is covered by four

satellite patches. A total of 90,618 aerial images were collected to cover central urban

areas in New York City (Manhattan), San Francisco, Chicago, and Seattle, using the

Google Maps Static API. Additionally, 238,696 street-view panorama images were

captured through the Google Street View Static API, mostly at a zoom level of 2

along most streets. Each panorama image GPS location in the dataset is unique,

with an average interval of about 30 meters between samples.

The raw image resolutions for aerial and ground views are 640 × 640 and 2048 ×
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1024 pixels, respectively. Notably, VIGOR’s data was collected exclusively in urban

areas, where GPS signals are often noisier than in suburban settings. This dataset

also provides raw GPS data for meter-level accuracy evaluation, aligning with the

precision goals of localization applications.

2.3 Kokovi Data acquisition campaigns

2.3.1 Overview

Various benchmark datasets for autonomous driving have been published in recent

years, each with a slightly different focus. Datasets designed for autonomous driving

are generally useful for visual ego-location tasks, as most include color and gray-

scale images—typically in mono, stereo, or panoramic formats—and also provide

localization information from GPS/GNSS.

Despite their strong performance, deep convolutional neural networks (DCNNs) still

face challenges when encountering occlusions. This common issue arises when dis-

tinctive features visible in the ground-level view, such as lane markings, unique road

shapes, or sidewalk structures, are not discernible in satellite imagery. Satellite im-

ages are often sourced from Google Street View, where data quality is limited to

more permanent features like buildings and general road topology, with a Ground

Sample Distance (GSD) that may lack the necessary detail. Additionally, time gaps

between ground and satellite captures can result in inconsistencies.

Simultaneous capture of ground and aerial data is necessary to enable reliable match-

ing based on static, permanent features and to ensure consistency between different

perspectives. The potential use of advanced sensors capable of achieving a finer GSD

from an airborne view would also improve the accuracy of cross-view matching tasks.
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To address this data requirement, the Traffic Monitoring team [5] in the Photogram-

metry and Image Analysis department [4] at IMF [3], DLR [1], initiated simultaneous

ground and aerial data collection, resulting as a part of the Kokovi Dataset. This

campaigns was designed to support ego-location tasks through two data acquisition

campaigns. The first campaign, "München-Pasing," was conducted in Pasing, ap-

proximately 7 km from Munich city center, Germany, on October 23, 2023. The

second campaign took place about 1 km from Munich’s city center on October 28,

2024.

Our work was conducted between these two campaigns, beginning with an analysis

of the data available at the start of the internship and participating in annotation

and preprocessing. We also participated in the second data acquisition campaign.

However, by the time this work was finalized, we were unable to test and explore our

methodology on the second part of the dataset due to time constraints. Nonetheless,

this represents a crucial step for thoroughly evaluating and improving the gener-

alization of our approach. In the following sections, we will delve into the dataset

specifications to provide a comprehensive understanding of its structure and features.

2.3.2 Acquisition Campaign : München-Pasing

The campaign setup (see Figure 2.1) was as follows: a reference vehicle—an e-

bike—was used to collect ground perspective data. This included capturing the

front-view camera perspective and GPS data via a smartphone, which served as

a consumer-grade GPS device for tracking the ground position over time. Sim-

ultaneously, a helicopter hovered above the reference vehicle to capture an aerial

view, providing a comprehensive overview of the scene and allowing us to establish

a ground-truth reference position for later analysis.
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Figure 2.1: Campaign Setup

The region was chosen based on the characteristics of the urban areas available at the

time, enabling us to test GPS accuracy and validate the positional error of consumer-

grade devices in these environments. Below, we explore each sensor’s specifications

in detail:

Airborne sensors

When planning for the campaign, we first defined the desired trajectory, followed by

the helicopter’s hovering position relative to the camera’s field of view. This ensured

that the reference vehicle remained visible in all aerial images. Given the challenge

for helicopter pilots to maintain a precise vertical hover above a moving vehicle, we

set an altitude that provided a broad field of view, making it easier to continuously

capture the reference vehicle from above.
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The 4K sensor system mounted on the helicopter was responsible for capturing the

aerial perspective as the reference vehicle followed the predefined route. The sensor’s

images cover the area surrounding the reference vehicle with a ground sample distance

(GSD) of approximately 3.5 cm per pixel. With a 50 mm focal length, the camera

covers an area of about 500 m × 350 m at an altitude of approximately 700 m above

ground level. The image capture rate was set at 1 Hz throughout the campaign, and

each image has a resolution of 14204 × 10652 pixels.

Vehicle sensors

The reference vehicle used in the campaign was an e-bike, with an OSMO Action

camera mounted on the cyclist’s helmet to capture ground-level footage. The camera

was set to video recording mode at 30 fps with a resolution of 1080p, positioned

approximately 2 meters above ground. This mounting position provides a wide range

of motion, as the camera moves with the cyclist’s head. However, this introduces

challenges in relying on extrinsic camera parameters, which were not recorded and

can sometimes be difficult to estimate.

Despite this, the setup mimics real-world scenarios, where ground-view data acquis-

ition often involves similar characteristics. For instance, platforms like Mapillary

[28] enable users to contribute street-level images and mapping data, which can vary

widely in camera perspectives. Many research projects have leveraged such data,

showcasing its utility even with variable extrinsic parameters.

Data Summary

In summary, Table 2.1 provides the specifications of both airborne and vehicle-based

sensors, while Figure 2.2 presents different synchronized views captured at the same
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time : (a) Aerial view captured from a pre-chosen hovering position of the helicopter;

(b) Zoomed-in section of the aerial image highlighting the cyclist (circled in red); (c)

Ground-level perspective from the helmet-mounted camera of the cyclist.

Table 2.1: Specifications of Airborne and Vehicle-Based Sensors

Sensor Type Platform Specifications Goals
4K Sensor Sys-
tem

Helicopter Resolution: 14204 x 10652 pixels
Ground Sample Distance (GSD):
3.5 cm/pixel
Focal Length: 50 mm
Coverage Area: 500 m × 350 m
at 700 m altitude
Capture Rate: 1 Hz

Captures aerial view
of reference vehicle
and surroundings

OSMO Action
Camera

E-bike (cyclist
helmet)

Resolution: 1080p
Frame Rate: 30 fps
Mount Height: 2 m above ground

Captures ground view
perspective

GPS (Smart-
phone)

E-bike Consumer-grade GPS Provides ground-level
GPS data for refer-
ence vehicle

Figure 2.2: Example of Our Simultaneous Ground and Aerial Visual Data Collection
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2.4 Annotation and Preprocess

Highly accurate reference vehicle trajectories are essential for our task, as they serve

as ground truth data for validating our framework. In this study [29], they present

a new method for generating reference vehicle trajectories in real-world conditions

using simultaneously acquired aerial imagery from a helicopter. The reference tra-

jectory is derived by performing a forward intersection of the vehicle’s position in

each image with the Digital Terrain Model (DTM). this method demonstrates an

accuracy level of approximately 10 cm.

To determine the vehicle’s position in each image, annotations were applied to the

aerial images. After annotation, we were able to define the reference trajectory

of the vehicle. The next step was to preprocess the data to synchronize the GPS

position with the reference position and the ground view with the aerial imagery. It

is worth noting that, during data acquisition, the helicopter could only hover in a

fixed position for a few minutes at a time before it had to move, which sometimes

caused the vehicle to move out of the aerial view. This required verifying the exact

times when the reference vehicle and its surroundings were captured in the aerial

view.

In the end, the preprocessing steps allowed us to create five sets, each containing a

sequence of recorded positions over time. These sets represent the vehicle’s trajectory

in terms of both GPS recordings and reference positions, with corresponding ground

and aerial views. Figure 2.3 illustrates these trajectories plotted on Aerial Imagery.
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Figure 2.3: GPS Trajectory (Blue) and Reference Trajectory (Red) Overlaid on
Aerial Imagery
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2.5 Our Dataset in Numbers

As we can observe in Table 2.2, the frequency of the GPS device and the aerial

image captures are not the same. This discrepancy arises because most consumer-

grade GPS devices typically operate at a frequency of 1 Hz or close to it. On the

other hand, the 4K system allows for a much higher frequency, resulting in a greater

number of aerial images being captured. This increased frequency leads to more

reference positions after annotation. To address this mismatch, we interpolated the

GPS data sequence while respecting the timestamp of each aerial image capture.

This interpolation ensures synchronization between the GPS data and the reference

positions. Additionally, we can notice that in Sets 1 and 4, the number of reference

positions is two points fewer than the number of aerial images. This is due to the

reference vehicle being obscured by trees or other obstacles during the annotation

process, preventing accurate positioning in those instances.

Table 2.2: Dataset Statistics

Set Number Number
of GPS
points

GPS Fre-
quency
(Hz)

Number
of Ref-
erence
Position
Points

Reference
Position
Fre-
quency
(Hz)

Number
of Aerial
Images

1 32 1 52 1.56 54
2 31 0.85 60 1.63 60
3 14 1 24 1.63 24
4 28 0.96 48 1.56 50
5 115 0.91 221 1.63 221
Total 220 405 409

As shown in Table 2.3, the average GPS error ranges between 2.8 and 6.8 meters,

which aligns with the typical performance of consumer-grade GPS devices. Generally,
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such devices exhibit an average error between 2 and 10 meters, depending on the

characteristics of the area. Urban environments, in particular, often have more

obstacles between the GPS device and satellites, leading to multipath effects that

increase GPS errors. For our dataset, this was intentional, as the areas were chosen

to reflect these challenging conditions.

Notably, Set 2 has the smallest average error of 2.8 meters. This can primarily be at-

tributed to the fact that the sequence was captured in an open-sky environment with

minimal surrounding buildings, thereby reducing potential obstructions. Addition-

ally, the cyclist’s velocity during this sequence was the lowest, which also contributed

to the reduced error. Presenting these results highlights the challenges associated

with relying on GPS measurements in such conditions and underscores the need for

robust correction methods.

Table 2.3: Average GPS Error for Each Set

Set Number Average Error [m]
1 4.53
2 2.8
3 4.94
4 6.8
5 4.7

In Figure 2.3, we provide an overview of the GPS trajectory alongside with the

reference wchich surve as our ground truth. However, interpreting the errors can

be challenging due to their dependence on time synchronization. This means that,

at times, the blue trajectory may appear to align with or pass through the same

position as the red reference trajectory in the aerial map, but there could still be a

time lag that is not apparent when plotting all reference points alongside the GPS

data.
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To better illustrate the errors, we plotted the point-by-point positional error in meters

for each set in Figure 2.4. One notable observation from this error plot is the occa-

sional sharp increase in GPS error. For example, the error can range between 2 to 4

meters but then suddenly spike to 7 or 9 meters. This phenomenon is a direct result

of multipath effects, which occur when transitioning from urban environments, such

as roads flanked by tall buildings, to open-sky areas. This behavior is particularly

evident in Set 1, where the sequence begins on a road surrounded by tall buildings,

with the error averaging around 6.5 meters. However, as the trajectory transitions

to an open-sky area around point 30, the error drops to approximately 2 meters, also

in Set 3 the exact inverse way was presented and the transition went form an error

around 4 meters before point 15 to an error around 7 meters and up to 9 meters.

The task of visual ego-localization remains an active research challenge, with cur-

rent efforts striving to achieve an accuracy of 1 meter or even sub-meter precision.

In comparison, GPS errors in urban areas, are significantly higher than this target.

Therefore, our goal is to propose a correction method that consistently minimizes po-

sitional errors and enhances the performance of localisation through consumer-grade

GPS devices. By exploring the GPS errors, we aim to gain a deeper understanding

of our dataset, ultimately contributing to improved ego-localization accuracy.
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Figure 2.4: GPS Point-by-Point Error Between Reference and GPS Coordinates
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2.6 Conclusion

In summary, this chapter has established the foundation for our experiments by

presenting a range of datasets. We started with commonly used real-world datasets

to provide a comparison baseline within the existing literature. We then introduced

our proprietary dataset, emphasizing its distinctive features and the methods used

in its creation.
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Chapter 3

Defining our Visual Localization Meth-

odology

3.1 Introduction

In the following chapter, we introduce our proposed approach to tackle the Visual

Localization problem. We start with an overview of the pipeline to provide a high-

level understanding of its structure. Then, we delve into each component in detail,

offering in-depth insights into their specific functionalities.

3.2 Overall Pipeline

Before delving into the intricate details of our Ego-Localization pipeline, it is es-

sential to outline the specifics of the inputs we provide and the desired outputs we

expect from the system. The input consists of a ground-view camera frame from the

reference vehicle and an initial rough localization obtained from a GPS sensor, which

may have some inaccuracies, as discussed in the previous chapter. The ultimate goal

is to achieve accurate vehicle localization.
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An end-to-end approach, where a model directly learns to predict localization solely

from the vehicle’s camera feed, may not be the most suitable option. This method

requires a large amount of training data, but our dataset includes fewer than 450

aerial views. Compared to state-of-the-art models trained on larger benchmark data-

sets, this is insufficient for training. Additionally, we lack labeled data for orientation

or extrinsic camera parameters on a frame-by-frame basis.

Therefore, our strategy is to construct a multi-stage vision-based system. Our

pipeline takes aerial and ground images as input and produces ego-localization, sim-

ilar to an end-to-end approach. However, the key difference is that we employ a

cascade of multiple steps rather than relying on a single model to directly predict

localization.

The structural breakdown of our pipeline is as follows and can be observed in Figure

3.1.

Figure 3.1: Overall Pipeline
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3.3 Component’s Details

3.3.1 Ground Frame Calibration

The objective of this initial step is to estimate certain intrinsic camera parameters,

specifically the roll and pitch. The primary motivation for this step is to provide

inputs for the subsequent stages, where we will explore their theoretical applications

in greater depth. In this section, we aim to outline the calibration framework utilized

and justify its selection.

Camera calibration involves estimating both intrinsic and extrinsic camera paramet-

ers, which are essential for most image-based 3D applications, such as 3D reconstruc-

tion, novel view synthesis, and perspective transformation. This problem has been

extensively studied, with numerous tools based on 3D geometry available. These

tools typically rely on sequences of images to track certain characteristics, such as

flow variation and other geometric properties.

Recent advancements have addressed the challenge of single-image calibration using

deep neural networks (DNNs) trained in a supervised manner. One such approach

is GeoCalib [30], a DNN that incorporates universal rules of 3D geometry into its

optimization process. GeoCalib [30]is trained end-to-end to estimate camera para-

meters and learns to extract meaningful visual cues from the data. Experiments

on various benchmarks demonstrate that GeoCalib [30]is more robust and accurate

compared to traditional and other learned methods.

In this study, we used a configuration for a pinhole camera with unknown parameters.

We adopted GeoCalib[30] as an open-source framework to estimate the roll and pitch

of a given image under this configuration.
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3.3.2 Bird’s-Eye-View Mapping

Figure 3.2: Bird’s-Eye-View Mapping

A Bird’s-Eye-View (BEV) perspective refers to a visual viewpoint that looks down

on a scene from a high, elevated position, typically directly overhead or at a steep

angle, resembling the view a bird would have while flying. In computer vision and

mapping, a bird’s-eye view provides a comprehensive, top-down representation of an

area, it has been thought of as the preferred representation for many tasks including

navigation or localization. Projectiong a given perspective to a Bird’s-Eye View ,

this approach is referred to as an Inverse Perspective Mapping (IPM).

Recent methods leverage transformers to project feature maps from ground images

onto a Bird’s-Eye View . However, no existing approaches have explicitly used In-

verse Perspective Mapping for BEV images in cross-view ego-localization. Such an

approach would depend entirely on the coefficients of the homography matrix, which

are derived from a thorough understanding of the camera’s intrinsic and extrinsic

parameters through a calibration process.

We observe that projecting ground images onto a bird’s-eye view perspective can

make aerial-based localization tasks more intuitive, much like how humans use maps
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for navigation. To reduce the domain gap caused by the perspective difference

between the aerial and ground views, applying a perspective transformation to one of

the images can simplify the problem. In this context, we aimed to project the region

of interest from the front view image onto the bird’s-eye view. This step transforms

the complex cross-view localization problem into a 2D image alignment task.

In Figure 3.2, the red area in the front-view image on the left represents the region of

interest, while the transformed image on the right shows this area from a bird’s-eye

perspective.

The general assumption for the transformation to bird’s-eye view images using inverse-

perspective mapping is that the area of interest is assumed to be flatt, and the height

of the road environment is effectively zero. This assumption is reasonable when it

comes to performing IPM on an image of the road around the vehicle. In the pro-

posed geometric IPM approach, we also assume that at least one of the camera’s

field of view (FOV) angles is known, as the other can be inferred from this angle and

the image resolution. Additionally, we assume knowledge of the camera’s pitch angle

relative to the scene, whiche is the pitch, We also assume that the camerahas no roll

against the scene at the given frame as this can be filtred using the previous step

of our pipline. The proposed geometric IPM approach for BEV image projection

is suited for usecases with limited knowledge of the camera’s parameters, especialy

where an estimation can derive the needed parameters without the need to the ex-

plicite caribration befor and during data acquisation, this show the importance of

the step one of the pipline,

In this section, we describe in detail the geometric reasoning of IPM used and the

reduced projection in terms of known camera’s parameters. In Figure 3.3, fov repres-

ents the vertical field of view of the front view image, f represents the focal length
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Figure 3.3: Bird’s-Eye-View Geometric Reasoning

DE, h represents the distance from the camera optical center D to the bird’s-eye

projection plane, and θ represents the pitch angle that we estimated in the previ-

ous step otf the pipline. To facilitate the subsequent derivation, we also define δ

to represent ∠FAD, ϕ to represent ∠BAD, θ2 to represent ∠AGD, θ3 to represent

∠AHG, f ′ to represent FA, and l0 to represent AD. These variables are calculated

as follows:
f = Hf

2 tan(fov)

ϕ = π

2 − fov

δ = π

2 − (ϕ − θ)

l0 =
√

f 2 +
(

Hf

2

)2

h = l0 sin δ

In figure 3.4 we ploted on the BEV plane gride the camera projection refered as F

calculated as follow:

f ′ = l0 cos δ. (3.1)
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Figure 3.4: Camera Projection

We denote the corner coordinates on the bird’s-eye view imaging plane as (ub, vb).

The values of θ2 and θ3 can be calculated as follows:

θ2 = arctan
(

h

f ′ + Hb − vb

)

θ3 = π

2 + θ − θ2.

Then, based on the sine and similarity triangle theorems, we can calculate the cor-

responding pixel coordinates (uf , vf ) for each corner of the red shape on the front

view image in figure 3.2. The calculation is as follows:

Hf − vf

Hb − vb

= sin θ2

sin θ3

Wf/2 − uf

Wb/2 − ub

= f ′ + (Hf − vf ) sin θ

f ′ + Hf/2 − vf

.
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Solving for vf and uf , we get:

vf = Hf − sin θ2

sin θ3
(Hb − vb)

uf = Wf

2 − f ′ + (Hf − vf ) sin θ

f ′ + Hf/2 − vf

(
Wb

2 − ub

)
.

Calculating the corners of our area of interest in the front view image allows us

to directly apply the homography matrix, obtained from the projection process, to

obtain the Bird’s Eye View image.

To conclude, the proposed IPM approach can be utilized in scenarios where the

camera’s intrinsic parameters are not fully known or their acquisition is restricted.

However, it is important to note that the accuracy of this transformation relies on

the estimation of the extrinsic rotations.

3.3.3 Aerial View Preprocess

The primary goal of this approach was to make keypoint matching more efficient and

effective by cropping the aerial image into three square windows. This maximizes

the likelihood that the area of interest to be matched with the Bird’s-Eye-View is

contained within one of the cropped windows. This strategy proved to be more

effective than directly feeding the model with the entire aerial view centered around

the current GPS position.

As shown in Figure 3.5 the first step, we compute an arrow indicating the direction

from the previous GPS point to the current one, represented by the blue arrow

in Figure 3.5. This arrow simulates the direction in which the camera should be
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oriented. We then rotate the aerial view by one of four possible angles: 0°, 90°,

180°, or 270°. We select the angle that maximizes the alignment of the arrow with

the top of the image, ensuring that the camera’s field of view is oriented optimally.

This rotation helps reduce the angular difference between the two views, making the

matching process easier.

Next, we crop three windows from the aerial image, focusing on the area above the

GPS point. By validating this preprocessing step on the validation set (Set 3), we

observed a significant improvement over matching directly with the centered aerial

patch.

Figure 3.5: Aerial View Preprocess
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3.3.4 Aerial to Bird’s-Eye-View Keypoint Matching

After determining the camera’s location on the bird’s-eye view grid, our goal is

to estimate its position within the aerial georeferenced patch to retrieve accurate

UTM coordinates. This next step, Aerial to Bird’s-Eye-View Matching, allows us

to perform image registration, aligning the BEV over its true position on the aerial

image. One approach to achieve this is through a keypoint matching framework.

Figure 3.6: Aerial to BEV Keypoint Matching

In this process, the Bird’s-Eye-View image and the aerial patch (selected based on

the current GPS coordinates) serve as inputs. The framework identifies matching

keypoints between the two images, providing two lists of corresponding keypoints

that represent the shared features across the BEV and aerial perspectives. This

registration step enables us to accurately position and align the BEV image on the

aerial map, ultimately refining our localization precision.
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Keypoint feature matching is a core technique in computer vision for identifying

and aligning corresponding points across images. There are two main approaches:

geometric methods and deep learning-based methods.

Geometric approaches use handcrafted descriptors, such as SIFT (Scale-Invariant

Feature Transform) and ORB (Oriented FAST and Rotated BRIEF), to detect and

describe keypoints based on geometric characteristics like edges, corners, and tex-

tures. These methods rely on predefined algorithms to capture visual features, offer-

ing consistency across simpler conditions.

Deep learning-based approaches, on the other hand, employ neural networks to learn

features directly from large datasets, providing greater robustness to changes in scale,

orientation, lighting, and perspective. Frameworks like SuperGlue and D2-Net are

specifically designed to detect and match features by leveraging extensive training

data, which allows them to generalize more effectively in complex or variable envir-

onments.

Each approach offers distinct advantages; however, a recent study[31] where they

presented a comparative analysis of advanced feature matching algorithms in chal-

lenging high spatial resolution optical satellite scenarios found that the combination

of SuperPoint [32] + LightGlue[33] stands out. This pairing demonstrated a strong

balance of robustness and accuracy in complex optical satellite environments. Given

the similarity of our scenario, we used these findings as a basis for testing various

algorithms and ultimately selected the SuperPoint[32] + LightGlue[33] combination

as our deep learning framework for keypoint matching.

SuperPoint[32] (SP) It is a key point extraction algorithm, which realizes self-supervised

point of interest detection and descriptor generation through unsupervised training.
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LightGlue [33] (LG) is a recent deep learning-based framework designed for effi-

cient and accurate keypoint matching between images, it employs an attention-based

mechanism to compare and match keypoints across images. The network uses both

self-attention and cross-attention layers.

In our specific case, SuperPoint’s [32] extracted keypoints and descriptors aim to

capture shared and consistent features across both images (ground and aerial per-

spectives). This focus on image region rich in salient features (such as promin-

ent landmarks or structural components), increases the likelihood of finding reliable

matches even when the two perspectives vary in appearance. Once SuperPoint [32]

has extracted the keypoints and descriptors, LightGlue[33] performs the matching

process. Figure 3.6 shows examples of successfully matched BEV and the three

preprocessed aerial windows.

In summary, SuperPoint [32] and LightGlue[33] together offer an efficient and robust

approach for keypoint matching in our cross-view localization tasks. The final output

from this component as mentioned before is geting the tow list of keypoint that match

in both images.

3.3.5 Bird’s-Eye-View to Aerial Registration

The final step before predicting the camera position on the georeferenced aerial

image involves estimating a transformation matrix H, which calculates the necessary

transformations to align the Bird’s Eye View with the aerial view based on the list

of keypoint that match in both images calculated in the step befor.

A homography is a 3×3 transformation matrix H that relates two planes in projective
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space. It transforms points between two images or planes such that:

sx′ = Hx

where:

• x = [x, y, 1]T is a point in the first image/plane (in homogeneous coordinates),

• x′ = [x′, y′, 1]T is the corresponding point in the second image/plane,

• s is a scale factor (to normalize the homogeneous coordinate),

• H is the 3 × 3 homography matrix.

To estimate the homography matrix H, we need at least four pairs of corresponding

points (x, x′) because the matrix has 8 degrees of freedom. The estimation process

involves formulating a linear system of equations for each pair of points based on

the homography transformation. These equations are stacked into a matrix A, and

H is computed using Singular Value Decomposition (SVD) by solving Ah = 0. To

ensure numerical stability, points are normalized by translating and scaling them.

In practice, noise and outliers in the correspondences can distort the estimation.

To address this, we apply the RANSAC algorithm, which identifies the largest set

of inliers and robustly estimates H, ensuring reliable performance even in noisy

conditions.

This transformation encompasses scaling, rotation, and translation. Since the warp-

ing from the ground view to the Bird’s-Eye-View has already been performed in the

BEV Mapping section, we proceed in the same manner to complete the transforma-

tion in this step. We use the estimateHomography function from OpenCV, followed

by the warpPerspective function, to generate the overlay shown in Figure 3.7. The
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camera location, computed in Equation 3.1, is then transformed from the BEV grid

to the aerial patch using the same transformation matrix. This results in the final es-

timation in our cross-view pipeline, providing a more accurate visual representation

of the camera’s position.

Figure 3.7: Bird’s-Eye-View to Aerial Registration

3.4 Conclusion

In conclusion, this chapter has thoroughly examined the intricacies of our proposed

methodology for addressing the Ego-Localization problem. We began with a compre-

hensive overview of the pipeline, providing readers with a foundational understanding

of its structure. Subsequently, we delved into the finer details, offering a detailed

explanation of each component and highlighting their roles and interactions within

the framework. The insights presented in this chapter will serve as a guiding ref-

erence for our subsequent experimentation, enabling a deeper understanding of the
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effectiveness and nuances of our approach to Ego-Localization.

42



Chapter 4

Testing our Methodology

4.1 Introduction

In the forthcoming chapter, we will present and analyze the results obtained from

evaluating the various components of our methodology. Specifically, we will examine

the performance of each component by testing them on our previously mentioned

dataset and analyzing the outcomes of each step. This progression will ultimately

lead us to our primary objective: visual ego-localization. Finally, we will discuss the

overall results and their implications.

4.2 Bird’s-Eye-View Mapping

As discussed in the preceding chapter, the Bird’s-Eye-View Mapping component

utilizes an Inverse Perspective Mapping (IPM) technique to bridge the gap between

ground-level and aerial views, enhancing the effectiveness and robustness of the

matching process. Figure 4.1 illustrates the results of several ground-view frames

mapped into BEV images. These frames were sampled from the test sets to facilit-

ate an analysis of the component’s performance. The analysis is as follows:
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1. Image (a) highlights the differences between the input and the output of the

IPM process. Notably, the region of the road directly in front of the camera

is mapped into a top-down view, resulting in clearer features that align more

closely with the aerial view. Additionally, elements such as buildings, the sky,

and distant objects are effectively removed. This reduction of irrelevant ele-

ments is advantageous, as such features are not visible in aerial views, thereby

decreasing ambiguity and improving the mapping’s relevance.

2. Images (b), (c) and (d) demonstrate the presence of dynamic objects, such

as cars and cyclists, which violate the assumption of a flat surface required for

the IPM process. These moving objects are mapped into distorted shapes and

often occlude parts of the road surface, making certain areas invisible. The

impact of these distortions on the matching process will be analyzed in the

subsequent section, as this aspect is critical to understanding the robustness of

the overall system.

3. Images (e) and (f) exhibit a lack of road features, such as lane markings, side-

walks, and other distinctive elements. These images, referred to as featureless

images, present a significant limitation. Even for a human observer, it is chal-

lenging to find matches between ground-view and aerial images in such cases.

Moreover, localizing oneself accurately using only such ground frames and their

corresponding aerial views is exceedingly difficult, highlighting a fundamental

challenge in the process.
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Figure 4.1: BEV Mapping Results

4.3 Aerial to Bird’s-Eye-View Keypoint Matching

Moving on to Stage 2, the keypoint matching model, LightGlue, will attempt to

identify matches between the aerial window cropped from georeferenced aerial images

(based on GPS location and the preprocessing steps previously described) and the

transformed BEV image. In Figure 4.2, we observe the output of LightGlue. For

each pair of images, the left image represents the aerial window, while the right

shows the BEV image. Detected points are connected by green lines, illustrating the

matches.

From a preliminary analysis, it is evident that the chosen model effectively matches

road features, such as lane markings, sidewalks, and other distinctive elements,
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between both images in most cases. Diving deeper into the analysis:

1. In images (a), (b), and (e), moving objects (e.g., cyclists or cars) appear

directly in front of the ground camera. These objects are transformed into

distorted shapes during the mapping process. As explained earlier, it is note-

worthy that these distortions do not significantly affect the matching process,

as the model still successfully matches most features.

2. In image (d), the matching is nearly perfect despite the significant angular dif-

ference between features. However, it is important to note that deep learning-

based descriptors are not inherently rotation-invariant. This implies that in

extreme cases, the model might fail to match features due to rotational dis-

crepancies.

3. Images (c) and (f) illustrate cases where BEV images contain fewer features.

In (f), only one matched keypoint is detected, which is insufficient for solving

rotation, translation, and scaling through homography estimation, as this pro-

cess requires a minimum of four points. Consequently, such images must be

ignored in the pipeline, as they do not support reliable visual localization.

4. In image (c), although four keypoints are present, relying on the minimal num-

ber of points for registration is not robust. This approach risks focusing on a

specific region of the image while ignoring the rest. Given potential errors

propagated through the IPM process from inaccuracies in camera intrinsic es-

timation, setting a threshold on the minimum number of matched keypoints is

critical for reliable registration.

To conclude, our matching process inherently filters certain inputs, primarily due

to a lack of sufficient features. Using the current pipeline, visual localization is not

46



Testing our Methodology

feasible in such cases. Establishing thresholds ensures a more robust registration pro-

cess, minimizing errors due to insufficient keypoints or feature quality.Nonetheless,

the matching output is mostly efficient even in the presence of distorted shapes,

demonstrating the robustness of the LightGlue model in handling challenging condi-

tions.

Figure 4.2: Keypoint Matching Results

4.4 Aerial to Bird’s-Eye-View Registration

Now moving on to the Registration Module, it is important to note that while re-

gistration is not our ultimate goal, it is a necessary step for estimating the camera’s
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projection location on the BEV grid. This projection is aligned with the georefer-

enced aerial view, enabling an estimation of the camera’s location. In this section,

we present the visual output of registering the BEV image onto the aerial window.

Figure 4.3 illustrates the results of this registration process.

As observed, the road features matched in the previous step align well with their

counterparts in the aerial view. Moreover, even unmatched features are mostly re-

gistered correctly due to their shared surface plane, which ensures consistent align-

ment. Theoretically this characteristic also applies to the estimation of the camera’s

projection location on the aerial view.

On the other hand, distorted objects are not registered effectively. For instance, the

car in image (a) and the cyclist in image (b) demonstrate this limitation. These

objects do not conform to the assumed flat-plane geometry, leading to inaccuracies

in their registration.
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Figure 4.3: Registration Results

4.5 Visual Localization Results

Guided step by step, we have now reached the final and most critical stage: localiz-

ation prediction. In this section, we present the results exclusively for Sets 1, 2, 4,

and 5. Set 3 is excluded as it was previously used as a validation set. During valid-

ation, we fixed the threshold for matched keypoints and optimized the configuration

of LightGlue.

Table 4.1 provides a comparative analysis of the prediction and GPS errors across

multiple test sets, highlighting the significant improvements achieved by the predic-

tion method. The table reports the mean and median errors for both prediction and

GPS measurements (in meters) for each set, along with the corresponding improve-

ment percentages.
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The **mean improvement percentage** is calculated as the reduction in mean error

of the prediction method compared to GPS, expressed as a percentage of the GPS

mean error. Similarly, the **median improvement percentage** reflects the reduction

in median error. These metrics illustrate the effectiveness of the prediction approach

in enhancing accuracy.

For instance, in Set 1, the prediction method reduced the mean error from 4.35m

(GPS) to 1.38m, resulting in a mean improvement of 68.28%. The median error im-

provement was even more pronounced, reducing from 4.16m to 0.78m, corresponding

to an improvement of 81.25%. Across all sets, the prediction method consistently

outperformed GPS, with total mean and median improvement percentages of 57.08%

and 73.11%, respectively. These results demonstrate the robustness of the prediction

model in minimizing localization errors and outperforming GPS measurements.

Table 4.1: Mean and Median Errors for Prediction and GPS across Test Sets (in
meters)

Set Prediction Errors GPS Errors Improvement Percentage

Mean Median Mean Median Mean Median

Set 1 1.38 0.78 4.35 4.16 68.28% 81.25%
Set 2 1.63 0.90 1.66 1.49 1.81% 39.60%
Set 4 0.66 0.36 5.33 5.28 87.61% 93.18%
Set 5 1.01 0.73 3.44 3.38 70.63% 78.40%
Total 1.17 0.69 3.69 3.57 57.08% 73.10%

Figure 4.4 illustrates the Prediction and GPS Errors (in meters) across four

test sets: Set 1, Set 2, Set 4, and Set 5. Each subplot visualizes the prediction

errors (green line) and GPS errors (blue line) for individual images within each set,

providing a detailed comparison of localization accuracy.
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• Set 1: The prediction method consistently outperforms GPS, maintaining

significantly lower errors across most image indices. Notably, during the first

five predictions, the GPS error exceeded 5 meters, while the prediction error

remained stable at approximately 1 meter. This demonstrates the robustness

of the prediction method in maintaining accuracy despite significant variations

in GPS errors.

• Set 2: This set proved to be the most challenging, as the mean GPS error

was the smallest at 1.66 meters, leaving limited range for improvement. Des-

pite this, the our prediction managed to slightly outperform GPS, achieving a

1.81% improvement in mean error.

• Set 4: The prediction errors are remarkably stable and significantly lower than

GPS errors, which remain consistently high throughout the set.

• Set 5: Although there is variability in errors, our prediction consistently out-

performs GPS, achieving lower errors across most image indices and confirming

its effectiveness.

Overall, these plots emphasize our method superiority over GPS in terms of localiz-

ation accuracy, even in challenging conditions. Our prediction consistently demon-

strates its capacity to reduce both mean and median errors across all test sets in our

Dataset.

4.6 Limitations

A critical step in our pipeline is the matching process, which presents a significant

challenge when the bird’s-eye view image lacks features, as previously mentioned. In

such cases, we are unable to proceed with the visual localization process.
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Figure 4.4: Prediction and GPS Errors

The table 4.2 above illustrates a limitation of our method. There are several factors

contributing to this limitation. One significant issue is the presence of many fea-

tureless images. In order to localize these images in the aerial view, more than just

front-view images are needed. This limitation is not exclusive to our setup, as many

other works face similar challenges.

Additionally, our method incorporates a selective approach. We began by filtering

out frames with a roll angle outside the range of -4 to 4 degrees. This filtering ensures

that the bird’s-eye view mapping produces acceptable outputs, as frames with signi-

ficant roll angles might distort the BEV representation. However, this also reduces

the number of frames that can be processed. Furthermore, in some cases, even when

a BEV image contains features, LightGlue encounters difficulties in matching them,

which halts further progression in our visual localization pipeline. This highlights

some of the challenges and limitations of our approach, where featureless images and

limitations in feature matching impact the effectiveness of the localization process.
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Table 4.2: Frame Counts per Set

Set Number Total Frames Predicted Frames

Set 1 51 12
Set 2 59 11
Set 4 47 6
Set 5 220 37

4.7 Conclusion

In conclusion, the comprehensive evaluation of the different components within our

method has provided valuable insights into their respective performances. Through

meticulous testing on test sets, we gained a nuanced understanding of the strengths

and limitations of the first and second components. Furthermore, our examination

of the overall visual localization pipline in its distinct stages has offered a detailed

perspective on its capabilities.
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Chapter 5

Conclusion and Perspectives

5.1 Future Perspectives

The next phase of our research aims to explore specific refinements and expansions,

shaping the future of our methodology. In this chapter, we will discuss both short-

term and long-term perspectives for this work. In the short term, we have tested the

effectiveness of certain refinements, such as adding a visual odometry component to

our pipeline, which could help overcome some of its current limitations. Additionally,

we propose an alternative methodology based on semantic segmentation matching,

which could offer greater efficiency. The following two sections will present the

potential impact of these refinements and expansions.

5.1.1 Visual Odometry Component

Visual Odometry (VO) is a technique used in robotics and computer vision to estim-

ate the motion of a camera or vehicle by analyzing the sequence of images it captures.

VO works by tracking the movement of visual features in consecutive frames, and by

comparing the changes in their positions, it computes the relative displacement of
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the camera. This allows the system to estimate the path or trajectory of the camera

over time.

VO does not rely on external sensors like GPS but instead uses the camera’s own

images, making it particularly useful in environments where GPS signals are un-

available or unreliable (e.g., indoors or in dense urban areas). It can be used for

applications such as autonomous driving, robot navigation, and augmented reality,

often as a part of a larger localization and mapping system. To demonstrate the

potential of this component, we tested a state-of-the-art visual odometry approach

and reported the results for the Average Trajectory Error (ATE) in meters, as shown

in Table 5.1. As we can observe, the Average Trajectory Error (ATE) for all the short

sequences is approximately 1 meter or less. This demonstrates the potential of using

such outputs to reconstruct the trajectory after performing cross-view matching. By

leveraging this approach, we could predict the positions of all frames. However, this

remains an open question regarding its effectiveness and implementation details. For

more complex and longer sequences, the error increased significantly to 15 meters

as we can see for set 5, highlighting the limitations of this method and the need for

further research and development in this area.

Table 5.1: VO Absolute Trajectory Error (ATE) for Different Sets

Set Number VO ATE [m]

Set 1 0.29
Set 2 1.16
Set 3 0.48
Set 4 0.37
Set 5 15.31
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5.1.2 Segmentation Based Ego-localisation

For a long-term perspective, alternative approaches could potentially yield similar

or even better results while addressing the limitations we currently face. One prom-

ising idea that emerged is the possibility of a segmentation-based cross-view matching

approach. Instead of relying on keypoint matching between ground and aerial per-

spectives, this method utilizes semantic segmentation for matching. In scenarios

where small, unique features are absent, the global structure of certain classes can

assist in the matching process. However, this approach requires robust segmentation

capabilities for both aerial and ground views to ensure its effectiveness.

As we successfully tackled our challenges with prepared data, it becomes evident

that a labeled dataset is essential to initiate research in this area. Unfortunately,

the currently available datasets lack the necessary specifications. To address this

limitation, alternative solutions, such as using a synthetic simulator to generate the

required data, could pave the way for advancing research and opening new possibil-

ities in this field.

5.2 Report Summary

In this research endeavor, we conducted a comprehensive exploration of ego-localization

through the perspective of object matching in aerial and ground view images. Our

journey began with a thorough examination of the broader context and the com-

plexities of the problem landscape. We delved into the academic framework of our

internship, outlined the roles of the host organizations, and highlighted the challenges

that served as the driving force behind this project. Alongside this, we reviewed prior

efforts to tackle these challenges, laying the groundwork for our unique contributions.
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Our first contribution, detailed in the chapter titled *"Kokovi Dataset,"* focused on

refining the output of the acquisition campaign into a ready-to-use dataset tailored

for the challenge at hand. The unique specifications of the dataset played a pivotal

role in shaping our results and achievements. This highlights not only the significance

of our contribution but also the dedication and commitment of the host organization

to this field, as demonstrated by their investment and support for this project.

The subsequent chapter, "Defining Our Localization Methodology," takes a step-by-

step approach to exploring the theoretical frameworks employed and the rationale

behind each choice. This thorough examination was designed to maximize the like-

lihood of achieving our final goal while ensuring the methodology could generalize

effectively to address the broader problem.

The final phase of our exploration is detailed in "Testing Our Methodology," a chapter

devoted to the empirical validation of each component. Through rigorous testing on

our Dataset, the results demonstrated significant performance, while also shedding

light on the key limitations we encountered along the way.

In summary, our journey through Ego-Localization has culminated in the develop-

ment of a novel methodology composed of multifaceted components. From contrib-

uting a unique dataset to designing an innovative approach and conducting rigorous

testing, our work brings both depth and breadth to the ongoing discussions in this

field. As we reflect in this concluding chapter, the challenges overcome, lessons

learned, and potential for future advancements collectively illustrate the richness of

the path we have navigated.
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