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Abstract

English Version The growing number of satellite missions – equipped with sensors
across diverse modalities – has significantly increased both the volume and complexity of
available Earth observation (EO) data. This wealth of information holds great potential
for addressing a wide range of scientific and socially relevant challenges. Modern deep
learning approaches offer effective means for extracting meaningful insights from such
data. However, the unique characteristics of EO data – such as variations in sensor
parameters across satellites, differences in acquisition geometries and modality-specific
data characteristics – are often underutilised in existing deep learning methods. This
thesis explores how sensor-specific knowledge can be systematically integrated into deep
learning workflows to improve model performance and enable the processing of data
originating from multiple sensors in a sensor-informed manner.

Three approaches are proposed to address different facets of sensor-informed learning
for EO data. First, the SenPaMAE framework introduces a parameter-aware masked
autoencoder for multi-spectral data, incorporating relevant sensor parameters during
both the pre-training and fine-tuning stages. This enables training across datasets with
varying sensor characteristics and supports sensor-independent inference. Second, the
SARFormer framework leverages geometric acquisition parameters and imaging modes
specific to high-resolution synthetic aperture radar (SAR) data. Integrating this infor-
mation leads to improved performance on downstream tasks such as segmentation and
3D reconstruction. Third, the IaI-SimCLR framework extends existing multi-sensor
contrastive learning techniques by introducing loss functions that stem from deeper con-
siderations of the sensor design. This approach enhances the ability of models to learn
semantically meaningful and generalizable representations via multi-modal pre-training
strategies.

Together, these contributions advance the development of more general and scalable
EO machine learning models – a step toward broader and more accessible automated
analysis of EO data for users from diverse backgrounds.

Deutsche Fassung Die wachsende Zahl an Satellitenmissionen – ausgestattet mit
Sensoren unterschiedlicher Modalitäten – hat sowohl das Volumen als auch die Kom-
plexität der verfügbaren Erdbeobachtungsdaten erheblich erhöht. Diese Fülle an Infor-
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mationen bietet großes Potenzial zur Beantwortung vielfältiger wissenschaftlicher und
gesellschaftlich relevanter Fragestellungen. Moderne Ansätze des maschinellen Lernens
stellen dabei wirkungsvolle Werkzeuge zur Verfügung, um aus diesen Daten relevante
Erkenntnisse zu gewinnen. Die besonderen Eigenschaften von Erdbeobachtungsdaten –
wie Unterschiede in den Sensorparametern zwischen verschiedenen Satelliten, variierende
Aufnahmewinkel sowie Partikularitäten von Daten bestimmter Modalitäten – werden
von bestehenden Methoden jedoch häufig nicht ausreichend berücksichtigt. Diese Ar-
beit untersucht, wie sensorspezifisches Wissen systematisch in Modelle basierend auf
Techniken des maschinellen Lernens integriert werden kann, um diese zu verbessern und
die Verarbeitung von Erdbeobachtungsdaten – aufgenommen mit unterschiedlichen Sen-
soren – auf eine sensor-informierte Weise zu ermöglichen.

Es werden drei Ansätze vorgestellt, die verschiedene Aspekte des sensor-informierten
maschinellen Lernens mit Erdbeobachtungsdaten adressieren. Erstens stellt das
in dieser Arbeit eingeführte SenPaMAE Framework ein Modell für multispektrale
Erdbeobachtungsdaten vor, das relevante Sensorparameter – sowohl während eines
selbstüberwachten Vortrainierens als auch später, während der zweiten Phase bei
der annotierte Erdbeobachtungsdaten mit einbezogen werden – berücksichtigt. Dies
ermöglicht das Training über Datensätze mit unterschiedlichen Sensorcharakteristiken
hinweg und unterstützt eine sensorunabhängige Inferenz. Des Weiteren ermöglicht
das SARFormer -Framework die geometrischen Aufnahmeparameter sowie den Bildge-
bungsmodus hochauflösender SAR-Daten für den Lernprozess mit einzubeziehen. Die
Integration dieser Informationen führt zu einer verbesserten Vorhersage bei Aufgaben wie
Segmentierung und 3D-Rekonstruktion. Drittens erweitert das vorgestellte IaI-SimCLR-
Framework bestehende kontrastive Lernansätze auf Daten verschiedener Modalitäten
durch Verlustfunktionen, die auf einer tieferen Berücksichtigung des Sensordesigns
basieren. Dieser Ansatz verbessert die Fähigkeit von Modellen, semantisch aus-
sagekräftige und generalisierbare Repräsentationen im Rahmen des selbstüberwachten
Vortrainierens zu erlernen.

Diese Beiträge zur bestehenden Literatur treiben die Entwicklung breit einsetzbarer und
skalierbarer Modelle für Erdbeobachtungsdaten voran. Dies ist ein Schritt hin zu einer
vereinfachten, breiteren und für Nutzer mit unterschiedlichen fachlichen Hintergründen
leichter zugänglichen automatisierten Auswertung von Erdbeobachtungsdaten.

ii



Contents

1 Introduction 1

2 Foundations 7
2.1 Satellite-Based Earth Observation . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Optical (Multi-spectral) Earth Observation . . . . . . . . . . . . . 11
2.1.2 Synthetic Aperture Radar . . . . . . . . . . . . . . . . . . . . . . . 16

2.2 Deep Learning and Self-Supervision Concept . . . . . . . . . . . . . . . . 22
2.2.1 Deep Learning - Concepts and Architecture . . . . . . . . . . . . . 22
2.2.2 Self-Supervised Learning . . . . . . . . . . . . . . . . . . . . . . . . 27

3 Related Work 35
3.1 Related Work in Self-Supervised Learning for Earth Observation . . . . . 35
3.2 Contribution of this Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4 Self-Supervised Sensor-Informed Learning Methods 43
4.1 SenPaMAE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.2 SARFormer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.3 IaI-SimCLR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5 Sensors and Datasets 57
5.1 Used Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
5.2 Description of Utilized Datasets . . . . . . . . . . . . . . . . . . . . . . . . 60

5.2.1 Pre-training Datasets . . . . . . . . . . . . . . . . . . . . . . . . . 60
5.2.2 Downstream Datasets . . . . . . . . . . . . . . . . . . . . . . . . . 63

6 Empirical Evaluation 67
6.1 Evaluation of the SenPaMAE Framework . . . . . . . . . . . . . . . . . . 67
6.2 Evaluation of the SARFormer Framework . . . . . . . . . . . . . . . . . . 76
6.3 Evaluation of the IaI-SimCLR Framework . . . . . . . . . . . . . . . . . . 82

7 Discussion 89

8 Conclusion 95

List of Figures 99

List of Tables 101

iii





Acronyms

APE acquisition parameter encoding . . . . . . . . . . . . . . . . . . . . . . . . . . 49

ATS atmospheric transmittance spectrum . . . . . . . . . . . . . . . . . . . . . . . . 9

BOA bottom of atmosphere . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

CNN convolutional neural network . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

DL deep learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

DLR German Aerospace Center . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

DPT dense prediction transformer . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

EO Earth observation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . i

ESA European Space Agency . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

EWC ESA World Cover . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

FCNN fully connected neural network . . . . . . . . . . . . . . . . . . . . . . . . . 23

FWHM full width half maximum . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

GRD ground range detected . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

GSD ground sampling distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

HS high-resolution spotlight . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

IoU intersection over union . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

IW interferometric wide swath . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

LBS local batch sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

LEO low Earth orbit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

Lidar light detection and ranging . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

LULC land-use land-cover . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

MAE masked auto-encoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

MAEr mean absolute error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

MBF Microsoft building footprints . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

ML machine learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

MLP multi-layer perception . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

NASA National Aeronautics and Space Administration . . . . . . . . . . . . . . . . 1

OA overall accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

v



OLI operational land imager . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

OSM Open Street Map . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

PSF point spread function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

PTT pretext task . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

RBS random batch sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

RSME root mean squared error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

SAR synthetic aperture radar . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . i

SL spotlight . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

SM stripmap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

SNR signal-to-noise ratio . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

SOTA state of the art . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

SPE sensor parameter encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

SRF spectral response function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

SSA spectral superposition augmentation . . . . . . . . . . . . . . . . . . . . . . . 47

SSIM structural similarity index . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

SSL self-supervised learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

ST staring spotlight . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

TIRS thermal infrared sensor . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

TOA top of atmosphere . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

ViT vision transformer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

vi



1
Introduction

Over the past decade, the field of satellite-based Earth observation (EO) has experienced
rapid advancements, with even more progress projected for the near future. One sig-
nificant milestone – particularly for the European community – was the introduction of
the open data policy Copernicus constellation, developed and operated by the European
Space Agency (ESA). Notably, the flagship of the constellation, Sentinel-2, is equipped
with a multi-spectral sensor that began delivering data at a significantly improved spa-
tial resolution of 10 m GSD, surpassing that of other freely available sources. Since this
resolution approximately corresponds to the characteristic scale of many human-made
structures, it has enabled a wide range of new applications. This development coincided
with rapid advances in the computer vision community, particularly the shift toward
solving vision tasks using deep learning (DL) in an end-to-end manner. Due to the sym-
biotic relationship between the two disciplines, research conducted around applying DL
to satellite-based EO data has grown significantly over the past decade. As a result,
DL has become the predominant approach for many EO-related tasks, while EO data
has emerged as an increasingly prominent application area at major computer vision
research conferences.

Still, both fields continue to develop rapidly. The number of sensors in space and their
respective capabilities are growing quickly. This growth is partially driven by the launch
of commercial satellites as well as subsequent missions by major space agencies, in-
cluding ESA and National Aeronautics and Space Administration (NASA). To name a
few examples: on the optical multi-spectral side, companies like PlanetLabs have intro-
duced daily revisit products with 3 m GSD, multiple companies (e.g. Pixxel, Satellogic
or Wyvern) are working on hyper-spectral missions and companies like Iceye, Capella,
and Umbra are providing high-resolution SAR data. In addition to that, new govern-
mental missions such as Biomass, NISAR, and EnMAP have been launched, and space
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agencies are already planning the next generation – e.g., the Landsat successor or the
next generation of Sentinel-2 with significantly improved temporal, spectral, and spatial
resolution. Remarkably, all of the above-listed examples only cover the most well-known
missions and do not even remotely encompass the full spectrum of missions measuring
the Earth’s surface with sensors of various modalities.

At this point – given the above-stated amount of various EO missions – it is important
to note that all sensors, even those belonging to the same modality class, have different
properties and measure different aspects of the Earth’s surface. Rarely, two instruments
from different constellations are identical. The numerous technical design decisions and
trade-offs involved result in a diverse set of sensors, and consequently, a wide range of
derivable information. While increased data access is fundamentally positive – since
new applications are opening up – the volume and diversity of the data make manual
analysis difficult, highlighting the need for automated solutions, such as deep learning-
based approaches.

However, (fully supervised) DL methods require large amounts of labeled data for train-
ing, which poses a major challenge in satellite-based EO for several reasons. For example,
annotating data is especially difficult for humans when observing a relatively small spa-
tial extent of the data or when the resolution is coarser than the characteristic length
scales of objects or other human-made structures. Moreover, many of the important
features utilized by DL approaches – such as spectral characteristics or temporal trends
– are due to the high dimensional nature difficult for humans to capture and hence hard
to annotate. The alternative approach – collecting labeled data through field studies –
is intrinsically limited by scale. This leads to a bottleneck for fully supervised training
approaches.

One strategy emerging from the computer vision community (or more generally, the
DL community) to address the issue of an insufficient amount of annotated data –
common to many other disciplines as well – is self-supervised pre-training. Here, DL
models are pre-trained on unlabeled data using related, synthetically created so-called
pretext tasks. This presents a promising approach for EO data due to the intrinsic
availability of vast amounts of unlabeled data collected by the growing number of sensors.
While self-supervised pre-training has been successfully applied to many computer vision
tasks, the concept got significantly more attention after the successful applications to the
domain of natural language processing and the resulting modern large language models.
Even though the fact that larger models (more tunable parameters) present – if trained
correctly – the opportunity to perform better on many tasks [1, 2, 3] is a long-standing
presence in the field of machine learning, the concept of increasing model size together
with self-supervised pre-training got re-branded to the term foundation model. At the
time of writing this thesis – and during the preceding years in which most of its content
was developed – this term had been adopted by related fields such as EO and climate
science, although the definition and generalizability of models referred to in this way had
not yet been fully established. Since, on a technical level, no new strategies besides the
utilization of self-supervised pre-training and the scaling of model sizes are introduced,
this thesis does not make use of this terminology.
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This thesis proposes novel approaches to perform self-supervised learning in the above-
described scenario of a growing number of diverse EO data. If the diversity of sensor data
should be leveraged, careful design decisions in the algorithms and learning pipelines are
necessary. Neglecting the differences in sensors or acquisition conditions often leads to
unwanted invariances in the resulting models. This thesis addresses this challenge from
different angles, where the focus lies on incorporating the differences between sensors
and acquisition conditions into learning pipelines based on self-supervised pre-training
followed by fine-tuning for specific downstream tasks. To this end, knowledge about the
design of sensors in multi-sensor setups, the specific geometric acquisition conditions,
and the information content captured by different modalities is explicitly utilized. This
contributes toward the long-term goal of observing our planet and its ecosystems at
dense temporal scales using multiple sensors, while maintaining the distinctions between
different sensors and modalities.

Structure of the Thesis

The rest of this thesis is structured as follows: After providing an overview of all pub-
lications produced during the course of this PhD, Chapter 2 presents the foundations
of satellite-based Earth observation as well as basic deep learning concepts. This in-
cludes a brief introduction of general EO concepts, followed by an outline of the physical
principles behind optical multi-spectral imagery and synthetic aperture radar (SAR). In
both cases, emphasis is placed on the sensor parameters relevant to the remainder of the
thesis. Subsequently, Chapter 2 also offers a brief introduction to the general field of
deep learning (DL), covering basic architectural designs and self-supervised pre-training
paradigms. Here, the two most common approaches are discussed in more detail, which
form the basis for the methodological part of this thesis later on. Following the introduc-
tory sections, Chapter 3 outlines the current state of the art in self-supervised learning
approaches, including more specifically sensor-informed learning strategies in the con-
text of EO data, before putting the contributions of this thesis into perspective. This
is followed by Chapter 4, which describes in detail the three methodological frameworks
developed over the course of this dissertation, followed by a description of the datasets
and corresponding sensors presented in Chapter 5. Chapter 6 outlines the experimental
design used to evaluate the proposed frameworks and presents the corresponding re-
sults. In Chapter 7, the results are interpreted and connections between the different
approaches – where applicable – are discussed. Finally, Chapter 8 places the findings in
a broader context and outlines open questions for future research in the field.

List of Publications

This thesis, in its core, outlines the results and thoughts behind three main publications
that deal with the topic of sensor-informed self-supervised learning for EO data. Those
publications are centered around the questions of training a DL network that is capable
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of processing data from multiple multi-spectral satellites in a sensor-informed manner,
the incorporation of geometrical acquisition conditions in the case of high resolution SAR
images, as well as the utilization of multi-modal data for pre-training. Hence, a majority
of the results presented in later chapters can also be found in the three double-blind peer-
reviewed publications that are published in the proceedings of reputable computer vision
conferences:

• Jonathan Prexl and Michael Schmitt. SenPa-MAE: Sensor parameter aware
masked autoencoder for multi-satellite self-supervised pretraining. In Proceedings
of GCPR, pages 317 – 331, 2024.

• Jonathan Prexl, Michael Recla, and Michael Schmitt. SARFormer – an acqui-
sition parameter aware vision transformer for synthetic aperture radar data. In
Proceedings of CVPR Workshops, in press, 2025.

• Jonathan Prexl and Michael Schmitt. Multi-modal multi-objective contrastive
learning for Sentinel-1/2 imagery. In Proceedings of CVPR Workshops, pages
2135 – 2143, 2023.

In addition, this thesis builds upon a further contribution in the form of a textbook
chapter entitled Self-supervised learning for multi-modal Earth observation published in
the textbook:

• Jonathan Prexl and Michael Schmitt. Chapter 8: Self-supervised learning for
multi-modal Earth observation data. In Saha Sudipan, editor, Deep Learning for
Multi-Sensor Earth Observation, pages 181–199. Elsevier, 2025.

While this thesis mainly presents the content of the three above-mentioned works, during
the time of this PhD, various other publications in the broader context of DL for EO data
have been published and listed here for the sake of completeness. Even though results
are not directly presented within this thesis, during the creation, collaborations, and
participation at conferences, many valuable experiences were gained that highly influ-
enced the main contributions with respect to implementation and experimental design.
This comprises the four peer-reviewed articles:

• Jonathan Prexl and Michael Schmitt. The potential of Sentinel-2 data for global
building footprint mapping with high temporal resolution. In Proceedings of
JURSE, pages 1–4, 2023.

• Ribana Roscher, Marc Russwurm, Caroline Gevaert, Michael Kampffmeyer, Je-
fersson A Dos Santos, Maria Vakalopoulou, Ronny Hänsch, Stine Hansen, Keiller
Nogueira, Jonathan Prexl, and Devis Tuia. Better, not just more: Data-centric
machine learning for Earth observation. IEEE Geoscience and Remote Sensing
Magazine, 12(4):335–355, 2024.
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• Jonathan Prexl, Anton Baumann, and Michael Schmitt. A comparison of uncer-
tainty estimation methods for building footprint change detection from Sentinel-2
imagery. ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial In-
formation Sciences, 10:339–346, 2024.

• Deepika Mann, Jonathan Prexl, Michael Schmitt, and Felicitas Sommer. Multi-
scale assessment of land use efficiency in functional urban areas of Munich and
Augsburg. ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial
Information Sciences, 10:231–236, 2024.

as well as two additional abstract reviewed contributions to conferences centered around
self-supervised learning for EO data:

• Jonathan Prexl and Michael Schmitt. The effect of contrastive pretraining on
downstream tasks in optical remote sensing. In Proceedings of IGARSS, pages
526–529, 2023.

• Jonathan Prexl and Michael Schmitt. Sensor parameter encoding for multi-sensor
self-supervised learning via masked autoencoders. In Proceedings of IGARSS,
pages 2837–2840, 2024.

and two further abstract reviewed contributions covering downstream task-related
works:

• Jonathan Prexl, Sudipan Saha, and Michael Schmitt. High precision mapping of
building changes using Sentinel-2. In Proceedings of IGARSS, pages 6744–6747,
2023.

• Deepika Mann, Jonathan Prexl, Sudipan Saha, and Michael Schmitt. Mapping
high-resolution building development over Delhi NCR using Sentinel-2. In Pro-
ceedings of IGARSS, pages 3190–3193, 2024.
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2
Foundations

This chapter lays the theoretical ground for the methodological innovations presented in
this thesis and is divided into two sections. First, the basic principles of satellite-based
Earth observation are introduced, covering physical foundations, terminology, and sensor
classes as well as, in more detail, the technologies underlying multi-spectral and SAR
based Earth Observation data. This is followed by an introduction to the foundations of
deep learning, aspects of the architectural designs, and the basics of the self-supervised
learning approaches that form the basis of this thesis. The structure of the first section
is loosely inspired by commonly referenced textbooks in the field, such as [4, 5, 6], while
introducing variations in the order and depth of topics according to the needs of this
dissertation. The second part is partially based on a previously published book chapter,
which was produced during the research period covered by this dissertation [7] as well
as on commonly referred review articles [8, 9, 10].

2.1 Satellite-Based Earth Observation

The Note: Depending on

the definition, the
term remote sensing
also often includes
various disciplines,
e.g., photogrammetric
near field measur-
ing techniques.
Within this thesis,
it refers strictly to
satellite-based Earth
observation.

field of remote sensing covers a broad range of sensors and sensor platforms, all
with the shared goal of observing the Earth’s surface via its interaction with electro-
magnetic radiation. Within this thesis, all argumentation is restricted to the subclass
of spaceborne remote sensing observing the land surface, hence leaving out classes of
sensors that are dedicated to the measurement of atmospheric or oceanic properties, as
well as the particularities of airborn systems. Beyond that, the term remote sensing will
be used interchangeably with the term EO, which refers in all cases to spaceborne Earth
observation. Below, the basic ideas of satellite-based EO are introduced to give readers
from other disciplines a basic intuition.
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Figure 2.1: (Left) Demonstration of a sun-synchronous orbit. Over the dif-
ferent periods of the year, the sun-synchronous orbit (black) keeps a stable
relative position with respect to the Sun. (Right) A to-scale illustration of the
orbit height for a LEO with respect to the Earth’s radius.
(The left part of the graphic is adapted from [11].)

The Position of the Sensors In order to observe the Earth’s surface from space,
the satellites carrying the sensors are placed in the low Earth orbit (LEO) several hundred
kilometers above the Earth’s surface1. All sensors that are used in this thesis are on
(near) polar orbits that are sun-synchronous. This means that the season does not affect
the revisit schedule or lighting conditions during measurements. Additionally, the energy
supply of the satellite is independent of seasonal variations. The geometrical relation
of the sensors with respect to the Sun in case of a sun-synchronous orbit is graphically
illustrated in Fig. 2.1.

The Sensor’s Field of View and Revisits Satellites in LEO typically operate in
one of two sensor modes: either continuous monitoring in a fixed direction or scheduled
observations that can target any land surface visible from the sensor’s position. In the
continuous monitoring mode, the sensor points directly downward2 – referred to as nadir
– along the satellite’s ground track, providing consistent coverage of the Earth’s surface.
The width of the observed area perpendicular to the flight direction is referred to as the
sensor’s swath (compare Fig. 2.2). In scheduled observation mode, the sensor can be
programmed to image at nadir or at an angle (off-nadir), allowing flexibility to capture
specific areas. This mode is commonly used for higher-resolution imaging with a smaller
swath, while medium-resolution missions operated by state authorities typically aim
for periodic global coverage with the sensor always steered in nadir direction. In both
modes, the time between two subsequent observations of the same location is referred
to as the sensor’s revisit time. In continuous monitoring mode, this concept is more
straightforward, as the satellite regularly passes over the same areas. In scheduled
observation mode, revisit time also depends on the sensor’s ability to steer off-nadir
and on how imaging opportunities are prioritized. For continuous monitoring missions,
the swath width where the sensor acquires data is typically between several tens and
several hundreds of kilometers for medium-resolution sensors. As explained later, there

1 LEO is considered to be in the range of 180 km to 2000 km (compare [5]), whereas all sensors used within this
thesis are within the ∼ 450 km to ∼ 780 km range.

2 Except in the case of SAR sensors, which are always side-looking, as will be discussed later.
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Figure 2.2: The width of the section that the sensor is capturing data along
track is referred to as the sensor’s swath, while data acquired by the end-user
is usually subdivided into individual frames.

is a trade-off between resolution and revisit time (along with other sensor parameters).
These trade-offs in sensor design result in a landscape where a complete picture of the
Earth’s surface is obtained through multiple sensors, each with its own specialization.

Multi-Modal Earth Observation Sensors technologies utilized in satellite-based
EO are typically divided into modality classes according to their measurement principle
and type of electromagnetic radiation they are observing. Note: The term

modality can also
refer to audio, natural
language, or other
data types, but here
it is used in a stricter
sense.

In a categorization of first
order, sensors can be distinguished by their active or passive measurement principle,
depending on wether the electromagnetic radiation for the sensing process is emitted
from the sensor (active) or if natural sources (sun or thermal radiation) provide the
electromagnetic radiation for the measurement (passive). In the following two sections,
an example of each (multi-spectral and SAR) will be discussed in detail. In addition to
the sensing strategy, the wavelength of the utilized electromagnetic radiation as well as
the spectral resolution help to set apart different modality classes. Resulting examples
would be the passive sensor of the modality classes multi-spectral, hyper-spectral, or
thermal sensors. Fig. 2.3 gives a graphical overview of the spectral position of commonly
used modalities in the field of remote sensing, together with the emission spectrum of
the sun and the Earth (which necessarily restricts the potential wavelength regimes for
passive sensors) as well as the atmospheric transmittance spectrum (ATS) of the Earth
which further limits potential wavelength regimes when designing sensors.

Growing Amount of Sensors Spaceborn EO data for social and civilian (in con-
trast to military) purposes was first acquired by launch of the still ongoing Landsat
program (started in the year 1972, compare [13]) by NASA. With the successful succes-
sion of Landsat missions – from Landsat-1 to the current Landsat-9 – and a decades-long
archive of Earth observation data acquired by NASA, a major shift in accessibility and
impact for both the public and the scientific community occurred in 2008 by the transi-
tion to a free and open data policy. This marked the beginning of a new era in which
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Figure 2.3: (Top) Black-body radiation for 6000 K (approx. the Sun’s tem-
perature) and 300 K (approx. the Earth’s temperature) accordingly to Plank’s
law and under the black body assumption (compare [12]). The black body ra-
diation of the Earth is artificially enhanced by several orders of magnitude for
visibility. (Middle) The transmissivity of the Earth’s atmosphere as a function
of the wavelength. (Bottom) The spectral ranges commonly used in the context
of Earth observation technology, used to categorize modality classes. (Graphic
adapted from [4].)
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Figure 2.4: The number of EO satellites as a function of the corresponding
launch year. (Data underlying this graphic is taken from adapted from [14].)

satellite data became an essential resource for monitoring changes on Earth’s surface.
Another major milestone was reached in 2014 with the launch of the Sentinel program
by ESA, which introduced open data access for medium resolution SAR data as well as
data from its multi-spectral sensors. Meanwhile, the two space agencies, among others,
are planning successors to their respective missions, pushing the technical limitations
of this freely available data, while commercial companies are revolutionizing the sector
with satellite constellations delivering near-real-time, high-resolution imaging. As a re-
sult, the number of sensors is continuously increasing and is expected to keep growing
(compare Fig. 2.4).

Within this thesis, methods are introduced that interoperate domain knowledge to design
more efficient self-supervised pre-training strategies for the two modalities of multi-
spectral and SAR spaceborne Earth observation imagery. The following two sections
describe the two modality classes in more detail.

2.1.1 Optical (Multi-spectral) Earth Observation

Multi-spectral cameras on board of satellites are passive sensors that measure the re-
flected sunlight of the Earth’s surface, divided into multiple wavelength ranges as so-
called bands or channels. The measurements are commonly conducted in the visible and
the near infrared parts of the spectrum and divided into tens of bands, whereas sensors
with significantly more bands – sometimes ranging into the low hundreds – would be
considered hyper-spectral. This section covers the relevant physical and technological
concepts for multi-spectral EO data.

The Sun as an Energy Source Multi-spectral sensors, as a passive sensing tech-
nique, use the electromagnetic radiation emitted by the Sun, reflected by the Earth’s
surface, and detected by satellite-mounted sensors. The initial distribution of electro-
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magnetic radiation intensity is determined by the Sun’s emitted light, which can be
approximated using Planck’s law for black-body radiation [12]. Fig. 2.3 shows this ap-
proximated distribution as a function of the light’s wavelength, where, approximately
within the interval [200 nm, 1600 nm], the intensity of the emitted light exceeds 10 %
of the distribution’s maximum which lies around ∼ 480 nm. From this, the potential
wavelength regime for all passive sensor systems (excluding thermal cameras, which use
the Earth’s emission spectrum as a source) is limited to the range where sufficient elec-
tromagnetic radiation is present. Further restrictions are imposed by the atmospheric
interactions described in the next paragraph.

Atmospheric Effects The atmosphere and its specific chemical composition at a
given point in time affect the measurement of Earth’s surface reflectivity from space in
various ways. Several physical processes alter the intensity as a function of the wave-
length and hence the spectral composition of the observed signal. Those physical pro-
cesses act along the two-fold transit through the atmosphere, once from the sun to the
Earth’s surface and after the reflection, back to the sensor. The dominating processes are
absorption (compare ATS in Fig. 2.3) and scattering processes that weaken the intensity
along the main path of directed radiation. Scattering takes place at small particles and
molecules as well as on larger particles such as dust, water vapor, or water droplets.
Further, molecules in the atmosphere absorb electromagnetic radiation and – due to the
narrow energy modes excited in the molecules – comparably sharp absorption lines show
up in the overall atmospheric transmission spectrum [12]. Those processes, among all
others, are a function of the wavelength and typically lead to non-uniform changes of
the relative amplitudes in various channels. Beyond the effects described above, which
weaken the directional radiation, the scattering effects further introduce indirect radia-
tion paths to influence the distribution of the electromagnetic radiation observed by the
sensor. This, again, can be separated along the two-fold transit through the atmosphere.
Firstly, incoming scattered light enhances the radiation density on the target through
diffuse sunlight (skylight) which was – before the scattering process – not directed to
the position on the ground that is observed. Secondly, scattered light can be directly
deflected in upper layers of the atmosphere and directed to the sensor without interact-
ing with the Earth’s surface or any lower atmospheric layer. Both mechanisms are again
a function of the wavelength of the electromagnetic radiation. A graphical illustration
of the concepts and the direct and indirect radiation paths that influence the observed
radiation distribution is given in Fig. 2.5.

The above-described processes lead to a change in observed intensity and spectral compo-
sition by the sensor, all depending on the exact chemical composition of the atmosphere.
Satellite providers commonly correct for those effects by taking the atmospheric state
into account. Corrected imagery is commonly referred to as bottom of atmosphere (BOA)
(or surface reflectance), in contrast to top of atmosphere (TOA), where the correction
for the atmospheric state is not applied. Fig. 2.5 provides a comparison of BOA and
TOA data of a Sentinel-2 image captured over the Munich metropolitan area. It can
be observed that for most positions on the ground, the BOA values exceed the non-
corrected TOA since the absorption and scattering of the directed radiation dominate.
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Figure 2.5: (Left) Illustration of the radiative transfer process in a typical
Earth observation setting. The target gets illuminated by direct sunlight as well
as diffuse skylight. The sensor observes the analog phenomena by capturing the
directly reflected light as well as diffuse scattered sunlight. (Right top) Example
images for top of atmosphere (TOA) data and bottom of atmosphere (BOA)
data for a test area around Munich captured by Sentinel-2. (Right bottom)
Correlation of the numerical values for the blue channel (B02) of Sentinel-2 for
TOA data- and BOA data format. (The left part of the graphic is adapted from [4].)

Still, for generally lower reflection values, the effects of indirect skylight dominate and
TOA values exceed the non-corrected BOA (compare bottom right of Fig. 2.5).

Interaction with the Earth Surface Treating the atmospheric interactions as
an accountable variable, the main subject of the measurement in multi-spectral EO is
the (spatially) integrated reflective properties over the corresponding position of the
ground as a function of the wavelength. This spectral dependency of the reflection
curve is a descriptive feature for e.g. the land-use land-cover (LULC) class as well
as certain physical quantities like soil moisture [15], vegetation parameters [16], water
quality [17], agriculture related classification [18] or biomass [19]. This adds to the
geometrical features that are given by the image layout of the data. An example of the
statistically averaged spectra for different land-cover classes can be found in Fig. 2.6
where the discriminative nature of the spectra of different LULC is shown.

Sensor Parameters After the interaction with the Earth’s surface and the second
pass through the atmosphere, the multi-spectral camera measures the intensity of the
incoming radiation divided into several wavelength ranges, so-called bands or channels.
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Figure 2.6: Illustration of the different reflection patterns for different LULC
classes. Most notably, vegetation-related classes show a strong increase around
700 nm, whereas the water class has (next to generally lower overall reflectance)
almost no reflectivity for longer wavelengths.
(The data for this graphic is extracted from https://seos-project.eu/classification/

classification-c01-p05.html, accessed 16.05.2025.)

For this, either filter materials or optical diffractive components (e.g. diffraction grat-
ings or prisms, which are more commonly used for hyper-spectral missions) are utilized.
All optical sensors used in this thesis operate in a scanning mode that forms images
by exploiting the satellite’s along-track motion. Some sensors use a push broom scan-
ner configuration, where a line perpendicular to the flight direction is projected onto
a linear detector array, and successive lines are captured to build a two-dimensional
image. Others employ a frame-based strip sensor layout, where narrow image strips
are acquired and subsequently mosaicked along the orbital path to form a continuous
image. The most relevant parameters to interpret measured multi-spectral intensities
are the corresponding spectral response function (SRF) for each channel, which combine
the optical properties of the diffractive medium as well as the absorption and reflection
characteristics of all other components in the optical system. Fig. 2.7 illustrates this

Figure 2.7: Illustration of the spectral response function and the effect on
the observed signal. (Left) Incoming light with a certain spectrum is observed
through an instrument with an effective spectral response function (middle),
which combines all reflective and absorption characteristics of all installed op-
tical components. This leads to an altered observed distribution of electromag-
netic radiation with different wavelengths at the imaging plane (right).

concept. Independent of the magnitude of the incoming radiation (left), the measured
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relative intensities (right) are a function of the SRF of the sensor (middle). This is – for
every band of any sensor in orbit – a known quantity and is indispensable if measured
intensities should be linked to physical or chemical quantities or when data from differ-
ent sensors are subject to a comparison or merging operation. As will be seen later, the
corresponding SRF of the most used multi-spectral satellite missions change significantly
with regard to their central wavelength position as well as their width and shape.

In addition to the SRF and the number of spectral bands – which together define a
sensor’s spectral resolution – the spatial (or geometrical) resolution is a crucial param-
eter, as it directly influences the smallest distinguishable feature size in the final image.
Spatial resolution is determined by the optical system’s point spread function (PSF),
which defines the minimum separation at which two point sources can be resolved. A
graphical illustration of this concept is shown in Fig. 2.8. For two infinitesimally small
point sources of electromagnetic radiation, the optical system’s PSF causes their signals
to spread in the imaging plane. The sensor’s pixel spacing is typically chosen to match
its resolution limit, commonly defined as the point where the distance between sources
exceeds the full width half maximum (FWHM) of the intensity distribution. This spacing
is referred to as the sensor’s ground sampling distance (GSD), which may vary across
different channels of the system.

Figure 2.8: Illustration of the concept of a point spread function (PSF) for a
given optical system. The left subplot shows the original signal (two infinitesi-
mal point sources indicated by gray arrows). The middle subplot displays the
measured signal at the sensor plane after passing the optical system, where the
intensity after the imaging process is blurred out. Here, the PSF is approxi-
mated by a Gaussian bell curve. Pixel spacing for sensors is commonly set to
match the resolution limit given by the FWHM value and is sketched in gray. A
visualization of the resulting image in pixel space is given in the right subplot.

When designing a satellite mission, key sensor parameters such as swath width, revisit
time, spectral resolution (number and width of channels), and spatial resolution (linked
to GSD) involve trade-offs and must be carefully balanced against one another. Reducing
the spatial area where light is collected decreases the overall signal intensity. Similarly,
narrowing the spectral width of the channels also reduces the intensity of collected signal.
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When both spatial and spectral reductions occur simultaneously, the signal-to-noise ratio
(SNR) can become critically low, posing challenges for reliable data acquisition.

2.1.2 Synthetic Aperture Radar

As previously mentioned, another commonly used sensing technique in the field of
satellite-based Earth observation is given by synthetic aperture radar (SAR)Note: Radar is an

acronym itself and
stands for Radio De-
tection And Ranging

imaging.
One of the most valued feature of a SAR system is given by the fact that the wave-
length of the utilized electromagnetic radiation has the ability to penetrate clouds and
is therefore capable of capturing an image under all weather conditions and - due to
the active sensing technique - also during nighttime. Those properties make SAR data
a well-complementary data modality to the previously discussed multi-spectral sensors.
Generally, SAR data acquisition, signal processing, and related applications encompass
a wide range of fields and methodologies. Here, often the phase information of the
recorded signal is utilized for interferometric and tomographic applications. In this
section, the discussion is limited to focused backscatter SAR images, as the methods
developed within this thesis are specifically designed to process data of this type. The
following is a discussion of the underlying measurement principles as well as the relevant
sensor parameters that are utilized throughout this thesis.

Distance Measuring Principle SAR sensors belong to the class of active mi-
crowave remote sensing and hence work with measuring the reflections (echos) of actively
emitted electromagnetic pulses with wavelengths in the order of 1 mm − 1 m (compare
Fig. 2.3). Due to the side-looking acquisition geometry characteristic of all SAR sys-
tems (compare Fig. 2.9), the recorded echoes exhibit a time delay that varies with the
ground position where the electromagnetic radiation gets reflected. Fig. 2.9 displays
the difference in travel time for reflections occurring at different positions on the ground
graphically. Here, in addition to the time delay caused by varying distances, the observed
intensity of the returned signal also contains information about the material properties
and geometry of the reflecting surfaces. The strength of the returned signal is com-
monly expressed in terms of the backscatter coefficient, denoted by σ0 (sigma nought).
This quantity represents the radar signal power scattered back to the sensor per unit
area on the ground and is influenced by variables such as surface roughness, dielectric
properties, and the incidence angle. For easier interpretation and to handle the wide
dynamic range of radar returns, σ0 is commonly expressed on a logarithmic scale in
decibels (dB). However, the observed amplitude does not only reflect the macroscopic
properties of the surface. Due to the coherent nature of radar systems, SAR images
are also affected by the so-called speckle effect. Speckle results in a granular noise-like
pattern, resulting from the constructive and destructive interference of radar waves re-
flected by many unresolved targets within a single resolution cell [6]. While resulting
speckle patterns appear random, it is a deterministic effect inherent to the coherent na-
ture of SAR imaging and introduces a significant variability in the pixel-wise measure of
σ0. It is worth mentioning here – especially after introducing the bottom of atmosphere

16



Figure 2.9: Illustration of the side-looking SAR geometry, where emitted
radar pulses sent from the sensor are subject to different travel times depending
on the position of the reflection on the ground (here object one and two). Next
to the time delay, the overall returned intensity can vary due to geometrical and
material properties, as indicated in this figure, where the returned intensity of
object two is lower compared to object one.
(Graphic adapted from [4].)

reflection concept used in the previous section – that the amplitude of the backscatter
signal is not meant to be interpreted as the reflectivity of the surface with respect to
the radar wavelength. Quite the opposite, strongly reflecting surfaces – such as water
under certain geometric conditions – can appear dark in the final image due to a lack of
backscattered radiation directed toward the sensor3.

Due to the constant travel speed along-track, subsequent measurements can be repre-
sented in an image-like data format, where one dimension corresponds to the sensor’s
position along the flight path and the other to the range distance (directly correlated
with the above mentioned travel time of the pulses), where pixel values encode the in-
tensities of the recorded echoes. This is referred to as the slant range representation
since no direct correspondence to the actual position of the ground can be made. Slant
range images can be transferred into ground range image by projecting the signals onto
a reference surface4. Fig. 2.10 illustrates the concepts of slant- and ground range and
their respective conversion visually.

Resolution Radar image resolution is defined separately in two directions: range and
azimuth. The range direction refers to the line-of-sight distance from the sensor to the
target, while the azimuth direction follows the sensor’s flight path. These dimensions
are subject to different physical and processing constraints.

Range resolution is primarily governed by the duration of the transmitted radar pulse,
which is commonly characterized by its bandwidth.5 Shorter pulses enable finer dis-
crimination between echoes from closely spaced targets. However, reducing the pulse

3 Similarly, effects such as volume scattering or double-bounce reflections (see [6]), which are beyond the scope of
this thesis, also do not permit such an analogy.

4 In the simplest case, the reference surface can be approximated by the Earth’s ellipsoidal shape if no detailed
elevation model is available.

5 The bandwidth is inversely proportional to the pulse duration.
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Figure 2.10: Visualization of the slant-range to ground-range projection. The
projection step introduces transformations (so-called slant range distortions) in
object sizes as a function of the distance to the sensor, such as for the equally
sized object 1 and object 2, which – due to different positions on the ground –
are not of equal size in the slant-range geometry. (Graphic adapted from [4].)

length is constrained by practical signal-to-noise limitations. This challenge is addressed
through chirp modulation, where the pulse is frequency-modulated over time. By ex-
ploiting the known modulation pattern, it becomes possible to better localize the origin
of reflections – even when pulses overlap – thereby effectively enhancing the resolution in
the range direction. Azimuth resolution is initially limited by the antenna beamwidth,
which broadens with increasing distance to the target (compare Fig. 2.11). As the
platform moves forward, each ground target remains within the antenna footprint for
several pulses. Utilizing the resulting Doppler frequency signature of the targets caused
by the moving platform and coherently aligning and combining these echoes based on
their Doppler characteristics, SAR systems synthesizes a longer virtual antenna, referred
to as a synthetic aperture. This dramatically improves azimuth resolution beyond the
limits imposed by the physical antenna. Overall, these concepts enable high-resolution
radar imaging with range and azimuth resolution that are effectively independent of the
distance from the sensor to the target (assuming slant-range geometry is maintained).

Nomenclature of the Acquisition Geometry Due to the intrinsic off nadir
viewing geometry and the corresponding terrain-induced effects (described later), the
exact geometrical position relative to the target influences the appearance of the final
image in a much stronger way than in the case of medium resolution Earth observation
data, described previously.

The two parameters that describe the geometrical constellation of the image acquisition
are the looking angle θ and azimuth angle Az. The looking angle θ describes the off
nadir component and - as will be shown later in this chapter - is highly correlated to the
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Figure 2.11: (Left) Illustration of how range resolution is determined by the
duration of the radar pulse, where overlapping returns from different ground
points lead to ambiguity of origin, limiting the resolution in range direction.
(Right) Geometry of radar imaging in azimuth direction, highlighting how two
ground points (A and B) with distance d can or cannot be resolved depending
on the distance to the sensor if no advanced processing is applied. (Graphic
adapted from [4].)

SAR typical terrain-induced geometric distortions. The azimuth angle Az is determined
by the orbit and measured as the angle from the line of sight to the true north. Both
angles are displayed graphically in Fig. 2.12.

Figure 2.12: (Left) Three different configurations with different looking angles
θ. (Right) The definition of the azimuth angle Az used within this thesis, as
well as different squint angles τ utilized for high-resolution operation modes.

Terrain-Induced Effects SAR images are inherently unintuitive to interpret due to
their measuring principle, which differs from human visual perception. Several effects can
be isolated that differentiate a SAR image from its optical counterpart. Foreshortening
describes the phenomenon that a sensor facing slope in the terrain appears shorter in
the corresponding SAR image due to the fact that the distance from the elevated part
of the slope comes closer to the sensor. This effect is a function of the slope’s angle,
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Figure 2.13: Illustration of SAR typical imaging effects. The slope on the
ground surface between point A and B leads to the foreshortening effect, where
the area appears smaller in the corresponding SAR image. For steep slopes
(depending on the looking angle), this effect leads to a reversed order of the
points in the SAR image, such as for points D and E. Further, steep elevated
structures lead to parts of the ground without any illumination by the sensor
(such as all positions onward from point F), which is referred to as a radar
shadow.

and for large enough angles, the bottom point and top point of the sloped area change
order in the SAR image. The latter represents an extreme case of foreshortening and is
referred to as Layover. Beyond this step, slopes and raised structures such as buildings
also generate shadowed areas without any illumination from the sensor, and hence also
no corresponding echoes. All three effects are graphically displayed in Fig. 2.13 and are
crucially important to take into account for interpreting SAR imaginary.

Scan Modes SAR systems can be operated with various so-called acquisition modes.
The base configuration, which is outlined above and has parallels to the push broom
scanner in the multi-spectral case, is the so-called Strip-map mode. Here, the sensor
records echos without any steering of the emitted pulses towards one specific target.
Beyond this, it is also possible to widen the observed area (swath) by steering the beam
to different looking angles to cover multiple swaths, which is referred to as ScanSAR.
Since the integration time for each swath is effectively smaller, ScanSAR exhibits a lower
azimuth resolution. The rather opposite effect can be achieved by operating the sensor
in Spotlight mode, where the target gets illuminated over a longer integration time by
steering the beam along the azimuth direction. Fig. 2.14 gives a graphical overview of
the three different classes of imaging modes described above.
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Figure 2.14: Common imaging modes for SAR operation. (Left) For the, in
relation, lower resolution imaging modes, the sensor is pointed with a constant
squint angle of 90◦ perpendicular to the flightpath. An even larger coverage can
be created by additionally changing the looking angles along the flight path,
which results in the so-called ScanSAR mode. Higher resolution in azimuth
direction can be generated by long illumination times achieved by steering the
sensor with different squint angles to a target area of choice.

SAR Bands SAR sensors operate in various frequency ranges, each offering distinct
advantages and opening up diverse applications. Tab. 2.1 gives an overview of the
commonly utilized frequency regimes for spaceborn EO SAR missions. While longer
wavelengths enable deeper penetration into vegetation and soil, allowing the analysis of
underlying structures, they come at the cost of lower azimuth resolution due to smaller
Doppler shifts that are – as described above – used to enhance the resolution. Hence,
sensors that operate with longer wavelengths are commonly used in environmental mon-
itoring scenarios [20, 21], such as biomass estimation, while shorter wavelength sensors
are more typically employed to monitor man-made structures [22, 23].

SAR Band Frequency Range (GHz) Wavelength (cm)

P-band 0.3–1.0 30–100
L-band 1.0–2.0 15–30
S-band 2.0–4.0 7.5–15
C-band 4.0–8.0 3.75–7.5
X-band 8.0–12.0 2.5–3.75

Table 2.1: Common frequency ranges for SAR sensors combined with their
naming convention.
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Polarizations SAR sensors are capable of transmitting and receiving signals with
different polarization states, where the electromagnetic wave can be oriented either hor-
izontally (H) or vertically (V). During both transmission and reception, the system can
separate the backscattered signal into its horizontal and vertical components to analyze
whether the reflection on the ground caused a change in polarization. The community-
standard notation to describe these configurations uses two-letter acronyms, such as VV
(vertically transmitted, vertically received), HH (horizontally transmitted, horizontally
received), or cross-polarization modes like VH (vertically transmitted, horizontally re-
ceived). This adds another dimension for distinguishing features in a SAR image, as
certain scattering mechanisms – such as volume scattering from vegetation – are known
to alter the polarization state, while man-made structures typically produce more stable,
surface-dominated backscatter without such effects.

2.2 Deep Learning and Self-Supervision Concept

This section presents the second foundational block of theory relevant to this thesis:
deep learning techniques, with a particular focus on self-supervised pre-training. The
section is organized into two parts. First, the general concepts of deep learning and
the specific architectures used throughout this work are introduced. Second, the core
ideas and main approaches related to self-supervised pre-training are discussed in detail,
following the book chapter [7] written during the time of this thesis.

2.2.1 Deep Learning - Concepts and Architecture

The field of DL has become the dominant approach for many image analysis applica-
tions, following breakthroughs in the early 2010s [24]. These advances leveraged newly
understood scaling laws related to model size, along with the computational benefits of
modern hardware, to enable the training of significantly larger models. The key premise
of a DL model – which sets it apart from early machine learning (ML) approaches – is
the use of a large number of trainable parameters θ (also referred to as the model size)
to approximate a parameterized function f that maps input data x to corresponding
annotations y. These parameters are learned by minimizing a task-specific loss function
L over a dataset D = (xi,yi):

θ∗ = arg min
θ

N∑
i=1

L (f(xi,θ),yi) , (2.1)

resulting in a set of optimized parameters (weights) θ∗. The next two sections outline
the different design choices for the parameterized function f , while the corresponding
parameters θ∗ are derived through stochastic optimization via backpropagation in com-
bination with gradient descent-based optimizers [25].
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Fully Connected Neural Networks One of the most common architectural de-
signs is the fully connected neural network (FCNN) – also known as a multilayer per-
ceptron – which represents the most fundamental type of artificial neural network. An
FCNN consists of multiple layers of neurons, where each neuron in a layer is fully con-
nected to every neuron in the subsequent layer. Here, the input of the next layer is given
by the weighted sum of all outputs of the previous layer6 where the weights are learnable
parameters, optimized during training. The forward pass of an FCNN is defined by a
series of matrix multiplications followed by nonlinear activations:

hl = σ(Wlhl−1 + bl) (2.2)

where Wl and bl denote the weight matrix and bias vector of layer l, hl−1 the output of
the previous layer (h0 would then represent the input to the model), and σ is a nonlinear
activation function [26, 27, 28]. FCNNs are powerful function approximators and have
been widely used in various applications, and also often serve as an essential building
block of more advanced architectures such as convolutional neural network and vision
transformer described in the following.

Convolutional Neural Networks Convolutional neural networks (CNNs), origi-
nally proposed in [29], is a class of deep learning architectures where the characteristic
information extraction principle is based on deriving feature maps via convolution with
so-called kernels (or filters). CNNs are designed for extracting information from grid-like
data with spatial context, e.g. images, and hence play a crucial role in the processing of
EO data.

As is generally the case in all DL-based approaches, data is propagated layer-wise sequen-
tially. This is commonly achieved by blocks, consisting of a combination of convolutional
layers, as well as pooling layers for dimensionality reduction [29], often followed by addi-
tional layers for numerical stabilization, such as batch normalization layers [30], as well
as task-specific heads. Each layer contains kernels with learnable parameters, and after
activation, the resulting outputs are referred to as feature maps of the corresponding
layer. Fig. 2.15 illustrates this concept where, after every block of layers, the spatial ex-
tent of the data is reduced (pooling and convolution), whereas the number of resulting
feature maps and the level of abstraction increases. An example of internal representa-
tions (feature maps), illustrating the increasing level of abstraction for different layers i,
is shown in Fig. 2.16.

Vision Transformer While CNNs represented Note: Tokens are

abstract high-
dimensional represe-
nations of a datum.
This term gets inter-
changeably used with
the term embeddings
or features, which is
more commonly used
for the CNN case.

the state of the art (SOTA) archi-
tectural choice for most deep-learning image analysis task for many years, researchers in
[1] proposed a strategy to use the transformer architecture – originally proposed for the
processing of natural language sequences [33] – on image like data, commonly referred to
as vision transformer (ViT). The underlying transformer architecture operates on a set

6 The weighted sum usually additionally undergoes a nonlinear activation function as well as the addition of a
learnable bias.
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Figure 2.15: Illustration of the information flow for convolutional neural net-
work type architectures. Starting from grid-like input data (left), hierarchical
features are extracted by sequentially applying convolution and activation as
well as pooling operations.

of tokens, which, in the case of natural language processing, are vector representations of
words or sub-parts of words derived from a learned lookup table. In [1], the researchers
proposed adapting this idea to vision tasks by dividing an image into fixed-size patches
and generating one token7 for each patch using an embedding network. This allowed
images to be processed analogously to text. Notably, this straightforward adaptation –
which remains a SOTA approach – achieved widespread impact, building on a broader
line of research that explored integrating attention mechanisms into CNN-based archi-
tectures [34, 35, 36].

The core of the transformer architecture is given by the attention mechanism – which,
due to its slightly more unintuitive nature – in contrast to the information extraction
via convolution – will be described in more detail within this section. To follow along
Fig. 2.17 gives a graphical illustration of the inner workings. Starting from the image
patches that are projected into an embedding space of dimension dembed, which is denoted
as a token ti ∈ Rdembed with i ∈ [1, . . . , Nt] indexing the tokens and Nt represents
the overall number of tokens, positional embeddings are added to the patch tokens
before they are fed into the transformer layers to maintain positional awareness. This
ensures that the model can distinguish between different spatial locations where the
information within each token originates from. This can either be done by adding
a learnable positional encoding vector or modulating them with a signal of a given
frequency. In the following, it is assumed that the token ti has already undergone the
positional encoding step. A single transformer block then combines two processing steps:
Firstly, the attention mechanism that allows each token to be updated by (a modified
version of) the content of all other tokens, and secondly, a feed-forward neural network
step that allows for individual updates on all tokens.

The attention step works as follows. For each token ti, a so-called key Ki and query
vector Qi of lower dimension dhead is constructed by multiplying each token with two

7 A token is an embedded latent representation of a piece of information within a transformer network, similarly
to features-maps in the case of internal representation during the processing via a CNN architecture.
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Figure 2.16: Feature maps extracted from different convolutional layers of a
CNN architecture (vgg11 from [31]), tasked to predict the patch wise land-cover
[32] class for a satellite image. The leftmost image represents the original input
(RGB), while the right grid displays feature maps at different layers. Each row
corresponds to a specific convolutional layer, with six feature maps shown per
layer. As depth increases, the extracted features become more abstract and less
spatially detailed, capturing higher-level representations of the input image.

corresponding matrices with learnable parameters WK and WQ such as:

Ki = tiWK Qi = tiWQ, . (2.3)

Subsequently, the dot product of all keys Ki and queries Qj is calculated, which rep-
resents the attention pattern A ∈ RNt×Nt . The value of A at position i, j can be
interpreted as how much token i should attend to the token at position j. In order to
normalize all the attention scores, the softmax operation is applied along the columns
of the attention matrix A. With the normalized attention scores A, the update of the
token goes as follows: For each token, the corresponding value vector Vi is introduced
by again multiplying each token by a corresponding weight matrix WV :

Vi = tiWV . (2.4)

The normalized attention scores along a row of the matrix A are then used to calculate
the update for a given token by summing the value matrices of all other tokens, weighted
by the attention score.
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Figure 2.17: Illustration of the inner workings of an individual layer within a
transformer architecture-based encoder network on image-related tasks. Here,
the graphic sketches the procedure for a three token case. After the embedding
of the patches of a given input image, the corresponding tokens undergo in
each layer two main steps of applying the attention mechanism (information
transfer between tokens) and subsequent further processing via FCNN acting
on individual tokens. Within the attention step, from each token (red) cor-
responding key (green), query (brown) and value vectors (blue) get derived.
For the update the value vectors get summed on each token weighted by the
corresponding column of the attention pattern.

The above-described process is referred to as one head of attention. In practice, in every
layer within the architecture, multiple heads are utilized in parallel, which is referred
to as multi-head attention. Subsequent to the attention step, each token undergoes
further processing by a densely connected feed-forward network. Notably, this step
allows only for further refinement and increased abstraction of the embedding, but no
information transfer from other tokens is possible, as these layers operate on individual
tokens independently.

In contrast to the CNN approach – where a global receptive field is gradually built
through stacked convolutional layers – the ViT architecture captures long-range de-
pendencies inherently through the attention mechanism, which is especially effective at
modeling global context.

While ViT offers powerful feature extraction, it also comes with challenges. The compu-
tational complexity of self-attention scales quadratically with the number of tokens [1],
making ViTs more resource-intensive than CNNs, especially for larger images. As will
be seen later, the computational complexity poses a significant problem, especially in
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the context of multi-spectral imagery. While larger images are generally desirable in a
remote sensing application in order to capture larger geospatial context, putting multi-
ple spectral bands into individual tokens (which is desirable for cross-channel attention)
leads to a large number of tokens and hence a high computational cost.

2.2.2 Self-Supervised Learning

The main principle of self-supervised learning (SSL) – which forms the methodological
basis of this thesis – is to incorporate unlabeled data into a supervised machine learning
training workflow, which would otherwise fully depend on annotated data label pairs
as formulated in Eq. 2.1. To follow along, a graphical illustration of the complete SSL
workflow can be seen in Fig. 2.18.

The first step of SSL is to construct a so-called pretext task (PTT), which is used to derive
synthetic data-annotation pairs by some sort of manipulation on the original unlabeled
data, which effectively constructs an annotated dataset with respect to the self-defined
PTT. The following sections will dive into the particularities of the different approaches
to designing a PTT. For now – to follow along – the reader might just imagine the simple
case where the PTT for a set of images is to estimate the mean of the distribution of
pixel values in the blue channel (usually the last channel in a RGB image) for a given
input image x, where the PTT label yPTT can be derived for any image by simple
calculations. Given a dataset D = {x,yPTT } a neural network architecture composed of
two functions f and g can be optimized to derive the set of weights θ∗

f ,θ
∗
g such that:

(θ∗
f ,θ

∗
g) = arg min

θf ,θg

L(g(f(x,θf ),θg),yPTT ) . (2.5)

Training a neural network architecture on the PTT therefore leads to a pre-trained
architecture f with optimized weights θ∗

f . The adaptation to the downstream task
potentially requires changes in g (in the artificial example above, g would output a
scalar value), here denoted with a new architecture h, to match the particularities of the
downstream task and hence requires some supervised fine-tuning on a labeled dataset
D = {x,y}:

θ∗
h = arg min

θh

L(h(f(x,θf ),θh),y) . (2.6)

where y is the label for the downstream task and h with weights θh the adapted archi-
tecture. Here, the weights θf are referred to as frozen since they are not subject to the
optimization routine. Generally, depending on the specific situation also the complete
set of weights (θg,θh) can be fine-tuned:

(θ∗
f ,θ

∗
h) = arg min

θf ,θh

L(h(f(x,θf ),θh),y) . (2.7)

Since here, fewer tunable parameters have to be determined (at least in the case of
frozen encoder f), it can be expected that this setup is more label-efficient and less
prone to overfitting [37]. Still, predicting if the features derived by the pre-trained
encoding network f are descriptive for the downstream application is far from trivial
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Figure 2.18: The overall self-supervised workflow. Given a set of unlabeled
data, one trains a neural network architecture to solve a pretext task, with
synthetically generated labels yPTT which can be derived from the data itself.
Parts of the pre-trained architecture are then used to serve as a feature extractor
for a downstream task where supervised fine-tuning will be applied in order to
solve the desired problem. In this example, the downstream task would be the
classification of different labelled animal pictures.

and can generally only be validated empirically. A good example of this is the - at
the time of writing - surprising success large language models have when pre-trained in
a self-supervised fashion for the tasks of predicting the next word in a sentence. Non
trivially, this leads to pre-trained architectures that demonstrate impressive capabilities
of general text and context understanding, far beyond the complexity that one might
expect to be learned from the pre-text task.

Even though there is no general statement that can be made about whether a pretext
task will lead to predictive features, some things can be reasonably assumed. The
most important thing to avoid is a so-called mode-collapse while pre-training. Here,
the model predicts a non-descriptive set of features, which leads to poor performance
on downstream tasks. One possible reason for this could be that the PTT is designed
poorly, e.g. very trivial or too difficult to solve. Without experimental evidence, it could
be expected that the example mentioned above (predicting the mean blue channel pixel
value) would not lead to very well-described image features, and hence would not be a
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good feature extractor for way more complicated tasks like scene segmentation. Given
the thoughts above, it can be reasoned that it is by no means meaningful if the accuracy
(or any other metric) during pre-training is particularly good. Rather, the opposite is
true, where experimental evidence shows that a harder PTT leads to a better feature
extractor [38] (within reasonable bounds).

In the following two sections, the two approaches of designing a PTT are outlined that
are used within this thesis.

Contrastive Learning One of the most commonly utilized concepts for SSL pre-
training is given by contrastive self-supervised learning. In this section, the contrastive
learning concept is outlined based on the approach of the publication SimCLR [38].
It is worth mentioning that multiple alternative approaches, successor methods as well
as subsequent publications, exist [39, 40, 41, 42, 43, 44] which still follow the general
concept and only differ in their technical implementation.

The main idea of contrastive learning is to have a set of positive pairs of images, which is
defined by two views of the same object or images with the same type of object. In the
same way, negative pairs are constructed by having images that show different objects.
Since large-scale datasets of the same object with different views are not available, in
practice, the views are constructed by image augmentations like colorization, cropping,
flipping, or converting into grayscale. Given the set of positive pairs, i.e. augmented
versions of the input image x denoted by (x̃i, x̃j), the objective is to learn those image
features that are shared across the positive pairs as they are expected to be discriminative
for the recognition of the desired object itself. For this, a feature extractor in the form of
an arbitrary deep neural network architecture, e.g. a ResNet-50 in [38], is used to obtain
the features hi = f(x̃i). A subsequent smaller network called projection head zi = g(hi)
is applied to map the features to the latent space, where the loss function gets applied.
For all N images in a batch, augmented versions are being created, leading to N postive
pairs and 2(N − 1) negative counterparts. The loss function sums over all N images
and forces the similarity for the obtained zi for each postive pair while maximizing the
distance in the latent space to all negative pairs zj such that:

Lk = − 1

N

N∑
i=1

log

(
exp(sim(zi, zk)/τ)∑2N

j=1 1[j ̸=i] exp(sim(zi, zj)/τ)

)
, (2.8)

is minimized. Here, sim denotes the cosine similarity measure, τ a temperature scaling
factor, and 1[j ̸=i] an operator that evaluates to zero if i = j and one otherwise. Intu-
itively, the loss function encourages the features of positive pairs to be close in the latent
space, while pushing those of negative pairs further apart. A graphical illustration of the
process can be found Fig. 2.19. A feature embedding space that semantically encodes
image content – for example, where one region of the latent space contains embeddings
of images with cars, and another, distant region contains embeddings of images with
animals – naturally constitutes a useful representation for image classification. In such
a space, a subsequently trained linear classifier can effectively separate the classes based
on the extracted features.
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Figure 2.19: The contrastive learning paradigm. After encoding the image
features, the contrastive loss gets applied, which forces the network to encode
similar images (positive pairs) close in latent space while maximizing the dis-
tance to all negative encoded examples.

One of the most influential parameters for the contrastive learning setup is the set of
augmentations A which is used to generate the two views (x̃i, x̃j) of an input image.
Fig. 2.20 provides a visualization of commonly applied augmentations. In [38], the
authors made an ablation study of applying the augmentations A separately (always
two of the augmentations active) to find the influence of the design choice. The results
show that the most influential augmentation is represented by the color augmentation.
The authors further argued that if the color augmentation is not active, a color histogram
of the two augmented views is already a descriptive feature of the contrastive PTT, which
does not lead to good features for any subsequent downstream task. Fig. 2.21 displays
the numerical results obtained from the study in [38] by applying sets of augmentations
and plotting subsequent downstream task performance for the task of image classification
accuracy.

Given the carefully engineered spectral properties of optical EO sensors described ear-
lier, the choice of appropriate data augmentations poses a major challenge for adapting
the pre-training task. As will been seen later this thesis proposed some effective tech-
niques in order to approach this issue of choosing suitable augmentations with respect
to contrastive pre-training on EO data.
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Figure 2.20: Common type of augmentations used for the generation of pos-
itive pairs in the contrastive learning setup.

Figure 2.21: Top-1 accuracy on ImageNet by doing a linear evaluation on
features obtained by the contrastive learning setup for different sets of aug-
mentation. (Figure and numbers taken from [38].)
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