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Training von Deep Learning Modellen mit synthetischen Bildern
Technische Universitat Clausthal

Eine prazise Umgebungswahrnehmung ist eine entscheidende Fahigkeit fir zukunftige
autonome Luftfahrzeuge, beispielsweise zur Identifizierung sicherer Notlandeplatze oder zur
Erkennung verschiedener Objekte. Deep-Learning ist der fihrende Ansatz fir viele
Wahrnehmungsaufgaben, wie Objekterkennung und semantische Segmentierung in Bildern.
Allerdings bendétigen Deep-Learning-Modelle umfangreiche und diverse Trainingsdatensatze um
eine hohe Genauigkeit zu erreichen, was in sicherheitskritischen Anwendungen wie der Luftfahrt
eine Herausforderung darstellt.

Auf der anderen Seite haben Spiele-Engines grofRe Fortschritte bei der Simulation visuell
realistischer, virtueller Umgebungen gemacht und erlauben die Extraktion synthetischer Bilder.
Die Verwendung solcher fir das Training kdnnte den Bedarf an realen Daten reduzieren.
Allerdings haben Deep-Learning-Modelle oft Schwierigkeiten von synthetischen auf reale Bilder
zu verallgemeinern und die Faktoren, die diese sim-to-real Generalisierungsprobleme
beeinflussen, sind nicht vollstandig geklart.

Vor diesem Hintergrund erforscht diese Arbeit das Potenzial synthetischer Bilder aus Spiele-
Engines, Deep-Learning-Modelle zur Umgebungswahrnehmung fiir ausgewahlte Luftfahrt-
Anwendungen zu trainieren. Zusatzlich werden die Auswirkungen der Modellarchitektur auf die
sim-to-real  Generalisierungsfahigkeit sowie die  Nutzbarkeit verschiedener Bild-
Augmentierungen zur Verbesserung der Generalisierung umfassend untersucht.

Dazu wird eine umfangreiche Evaluation verschiedener Anwendungsfélle und Einflussfaktoren
durchgefiihrt, bei der unterschiedliche Wahrnehmungsaufgaben und Datensatze betrachtet
werden. Als Bewertungsmetriken dienen die Genauigkeit auf realen Bildern und der sim-to-real
gap. Die Ergebnisse basieren auf iber 1.700 Modell-Varianten, die auf synthetischen Bildern
trainiert wurden.

Diese Arbeit zeigt, dass synthetische Bilder eine geeignete Grundlage fiir das Training von Deep-
Learning-Modellen zur Umgebungswahrnehmung in der Luftfahrt sein kénnen, z.B. zur
Erkennung von Tankkorben bei der Luft-zu-Luft-Betankung oder zur semantischen
Segmentierung aus der Perspektive eines tieffliegenden Luftfahrzeugs. Sie zeigt weiterhin, dass
Deep-Learning-Modelle sich  deutlich in ihrer sim-to-real Generalisierungsfahigkeit
unterscheiden, betont den starken Einfluss des Modell-Backbones und identifiziert weitere
Einflussfaktoren, die praktische Erkenntnisse fiir die Modellauswahl liefern. Zusatzlich wird
aufgezeigt, dass die Anwendung von Bild-Augmentierungen, insbesondere solcher mit Einfluss
auf die Farbgebung, die Generalisierungsfahigkeit der Modelle verbessert. Dies betont den
Einfluss von Farbunterschieden auf die sim-to-real Generalisierungsprobleme und prasentiert
eine einfache Methode, um deren Auswirkung zu reduzieren.

Insgesamt liefert diese Arbeit neue Perspektiven, ein tieferes Verstandnis des Potenzials und der
Grenzen von synthetischen Daten fir das Training von Deep-Learning-Modellen zur
Umgebungswahrnehmung und praktische Erkenntnisse fir die Modellauswahl und das Training.
Sie zeigt das Potenzial von synthetischen Daten, die Notwendigkeit einer teuren und
zeitaufwandigen Erfassung realer Bilddaten zu reduzieren, und tragt dazu bei Fortschritte in der
Deep-Learning-basierten Umgebungswahrnehmung in zukinftige autonome Luftfahrzeuge zu
Uberfiihren. Obwohl sich diese Arbeit auf die Luftfahrt konzentriert, untersucht sie auch einen
Automobil-Datensatz. Diese breiten Untersuchungen ermdglichen es, die Ergebnisse auch auf
andere Branchen mit begrenztem Zugang zu realen Daten, wie z.B. die See- oder Raumfahrt, zu
Ubertragen und beschleunigen insgesamt die Nutzbarkeit von Deep-Learning-basierter
Umgebungswahrnehmung in neuen Anwendungsdomanen.
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Training Deep Learning Models on Synthetic Images
Clausthal University of Technology

Accurate environment perception is a crucial capability for future autonomous aircraft systems,
e.g., to identify safe emergency landing sites or to detect various objects of interest. Deep
learning has become the state-of-the-art approach for many perception tasks, such as object
detection and semantic segmentation in images. However, deep learning models require large
and diverse training datasets to achieve high accuracy, which is a major challenge in safety-
critical domains like aviation, where data collection is often limited by regulatory, safety, ethical,
and economical constraints.

On the other hand, game engines have made significant progress in simulating visually realistic
virtual environments, enabling the extraction of diverse synthetic images. Using such synthetic
images for training promises to reduce the need for real-world data in many domains, but deep
learning models often struggle to generalize well from synthetic to real-world images, and factors
influencing this sim-to-real generalization issue are not yet fully understood.

Against this background, this work explores the potential of synthetic images extracted from game
engines to train deep learning models for selected aviation perception use-cases. Additionally, it
comprehensively investigates the influence of deep learning model architectures on their sim-to-
real generalization capability and the ability of image augmentation techniques to improve sim-
to-real generalization.

To do so, an extensive evaluation of various use-cases and factors influencing the effectiveness
of synthetic data is conducted, utilizing multiple perception tasks and datasets. The evaluations
employ the overall real-world performance and the sim-to-real gap as the main evaluation
metrics, and the results are based on over 1,700 deep learning model variations trained on
synthetic images and evaluated on real-world ones.

This work demonstrates that synthetic images can be a suitable basis for training deep learning
models for various aviation use-cases, such as drogue detection during air-to-air refueling and
semantic segmentation from a low-altitude aerial perspective. It shows that deep learning models
differ significantly in their generalization capability and highlights the strong influence of the model
backbone. Further influencing factors are identified, providing practical insights for model
selection. Additionally, the application of image augmentation techniques during training,
particularly color augmentations, is found to significantly improve the generalization capability of
deep learning models trained on synthetic images, stressing the impact of color differences on
sim-to-real generalization issues, and showcasing an easy-to-use method to reduce its effect.

Overall, this work provides novel perspectives, a deeper understanding of the potential and
limitations of using synthetic images for training deep learning models, and practical insights for
model selection and training. It demonstrates the potential of synthetic data to reduce the need
for expensive and time-consuming real-world data collection, helping to bring advances in deep
learning-based perception into future autonomous aircraft. While this work focuses on aviation,
the experiments also include an automotive dataset. These broad investigations further allow the
transfer of the findings to other industries with limited access to real-world data, such as maritime
or space, ultimately accelerating the deployment of deep learning-based perception to new
domains.
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Abstract

Accurate environment perception is a crucial capability for future autonomous
aircraft systems, e.g., to identify safe emergency landing sites or to detect
various objects of interest. Deep learning has become the state-of-the-art
approach for many perception tasks, such as object detection and semantic
segmentation in images. However, deep learning models require large and
diverse training datasets to achieve high accuracy, which is a major challenge in
safety-critical domains like aviation, where data collection is often limited by
regulatory, safety, ethical, and economical constraints.

On the other hand, game engines have made significant progress in simulating
visually realistic virtual environments, enabling the extraction of diverse synthetic
images. Using such synthetic images for training promises to reduce the need
for real-world data in many domains, but deep learning models often struggle
to generalize well from synthetic to real-world images, and factors influencing
this sim-to-real generalization issue are not yet fully understood.

Against this background, this work explores the potential of synthetic images
extracted from game engines to train deep learning models for selected aviation
perception use-cases. Additionally, it comprehensively investigates the influence
of deep learning model architectures on their sim-to-real generalization capabil-
ity and the ability of image augmentation techniques to improve sim-to-real
generalization.

To do so, an extensive evaluation of various use-cases and factors influencing

the effectiveness of synthetic data is conducted, utilizing multiple perception
tasks and datasets. The evaluations employ the overall real-world performance
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and the sim-to-real gap as the main evaluation metrics, and the results are
based on over 1,700 deep learning model variations trained on synthetic images
and evaluated on real-world ones.

This work demonstrates that synthetic images can be a suitable basis for training
deep learning models for various aviation use-cases, such as drogue detection
during air-to-air refueling and semantic segmentation from a low-altitude aerial
perspective. It shows that deep learning models differ significantly in their gen-
eralization capability and highlights the strong influence of the model backbone.
Further influencing factors are identified, providing practical insights for model
selection. Additionally, the application of image augmentation techniques
during training, particularly color augmentations, is found to significantly im-
prove the generalization capability of deep learning models trained on synthetic
images, stressing the impact of color differences on sim-to-real generalization
issues, and showcasing an easy-to-use method to reduce its effect.

Overall, this work provides novel perspectives, a deeper understanding of the
potential and limitations of using synthetic images for training deep learning
models, and practical insights for model selection and training. It demon-
strates the potential of synthetic data to reduce the need for expensive and
time-consuming real-world data collection, helping to bring advances in deep
learning-based perception into future autonomous aircraft. While this work
focuses on aviation, the experiments also include an automotive dataset. These
broad investigations further allow the transfer of the findings to other industries
with limited access to real-world data, such as maritime or space, ultimately
accelerating the deployment of deep learning-based perception to new do-
mains.



Kurzfassung

Eine prazise Umgebungswahrnehmung ist eine entscheidende Fahigkeit fr
zukUnftige autonome Luftfahrzeuge, beispielsweise zur Identifizierung sicherer
Notlandepldtze oder zur Erkennung verschiedener Objekte. Deep-Learning
ist der fihrende Ansatz fir viele Wahrnehmungsaufgaben, wie Objekterken-
nung und semantische Segmentierung in Bildern. Allerdings bendtigen Deep-
Learning-Modelle umfangreiche und diverse Trainingsdatensatze um eine hohe
Genauigkeit zu erreichen, was in sicherheitskritischen Anwendungen wie der
Luftfahrt eine Herausforderung darstellt.

Auf der anderen Seite haben Spiele-Engines groBe Fortschritte bei der Simu-
lation visuell realistischer, virtueller Umgebungen gemacht und erlauben die
Extraktion synthetischer Bilder. Die Verwendung solcher fir das Training kénnte
den Bedarf an realen Daten reduzieren. Allerdings haben Deep-Learning-
Modelle oft Schwierigkeiten von synthetischen auf reale Bilder zu verallge-
meinern und die Faktoren, die diese sim-to-real Generalisierungsprobleme
beeinflussen, sind nicht vollstandig geklart.

Vor diesem Hintergrund erforscht diese Arbeit das Potenzial synthetischer Bilder
aus Spiele-Engines, Deep-Learning-Modelle zur Umgebungswahrnehmung
fur ausgewahlte Luftfahrt-Anwendungen zu trainieren. Zusatzlich werden
die Auswirkungen der Modellarchitektur auf die sim-to-real Generalisierungs-
fahigkeit sowie die Nutzbarkeit verschiedener Bild-Augmentierungen zur Verbes-
serung der Generalisierung umfassend untersucht.

Dazu wird eine umfangreiche Evaluation verschiedener Anwendungsfalle und
Einflussfaktoren durchgefuhrt, bei der unterschiedliche Wahrnehmungsauf-
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gaben und Datensdtze betrachtet werden. Als Bewertungsmetriken dienen
die Genauigkeit auf realen Bildern und der sim-to-real gap. Die Ergebnisse
basieren auf Uber 1.700 Modell-Varianten, die auf synthetischen Bildern trainiert
wurden.

Diese Arbeit zeigt, dass synthetische Bilder eine geeignete Grundlage fur das
Training von Deep-Learning-Modellen zur Umgebungswahrnehmung in der
Luftfahrt sein kénnen, z.B. zur Erkennung von Tankkorben bei der Luft-zu-Luft-
Betankung oder zur semantischen Segmentierung aus der Perspektive eines
tieffliegenden Luftfahrzeugs. Sie zeigt weiterhin, dass Deep-Learning-Modelle
sich deutlich in ihrer sim-to-real Generalisierungsfahigkeit unterscheiden, betont
den starken Einfluss des Modell-Backbones und identifiziert weitere Einflussfak-
toren, die praktische Erkenntnisse fir die Modellauswahl liefern. Zusatzlich
wird aufgezeigt, dass die Anwendung von Bild-Augmentierungen, insbeson-
dere solcher mit Einfluss auf die Farbgebung, die Generalisierungsfahigkeit der
Modelle verbessert. Dies betont den Einfluss von Farbunterschieden auf die
sim-to-real Generalisierungsprobleme und prasentiert eine einfache Methode,
um deren Auswirkung zu reduzieren.

Insgesamt liefert diese Arbeit neue Perspektiven, ein tieferes Verstandnis des
Potenzials und der Grenzen von synthetischen Daten flr das Training von
Deep-Learning-Modellen zur Umgebungswahrnehmung und praktische Erken-
ntnisse flr die Modellauswahl und das Training. Sie zeigt das Potenzial von
synthetischen Daten, die Notwendigkeit einer teuren und zeitaufwandigen
Erfassung realer Bilddaten zu reduzieren, und tragt dazu bei Fortschritte in der
Deep-Learning-basierten Umgebungswahrnehmung in zuktinftige autonome
Luftfahrzeuge zu Uberfihren. Obwohl sich diese Arbeit auf die Luftfahrt
konzentriert, untersucht sie auch einen Automobil-Datensatz. Diese breiten
Untersuchungen ermoglichen es, die Ergebnisse auch auf andere Branchen mit
begrenztem Zugang zu realen Daten, wie z.B. die See- oder Raumfahrt, zu
Ubertragen und beschleunigen insgesamt die Nutzbarkeit von Deep-Learning-
basierter Umgebungswahrnehmung in neuen Anwendungsdomanen.
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1 Introduction

1.1 Motivation

Future autonomous aircraft systems require exceptional environment percep-
tion capabilities, particularly when operating without human oversight. To
ensure safe and effective operation, various tasks rely on accurate information
about the aircraft’s surroundings, including planning collision-free flight paths,
performing air-to-air refueling (Fig. 1.1a), interacting with other aerial objects
during manned-unmanned teaming (Fig. 1.1b), and identifying safe emergency
landing sites (Fig. 1.1¢).

A natural approach to visual environment perception is to utilize RGB cameras,
which produce images similar to human vision. To enrich these raw images with
semantic information, deep learning models, i.e. multi-layer neural network
architectures, have achieved state-of-the-art results in many domains. However,
to achieve these results, deep learning models require a vast amount of diverse
images for training. Furthermore, the images should be representative of the
situations faced during deployment and should cover the entire operational
envelope of the aircraft.

This need for extensive datasets poses a significant challenge in safety-critical
domains and prevents the deployment of deep learning models. This particularly
applies to aerospace, as collecting and labeling data from flying aircraft is
expensive, time-consuming, and sometimes dangerous or even impossible.
These challenges are further exacerbated in scenarios where aerial vehicles
operate in close formation with manned or unmanned systems, such as aerial
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(a) Air-to-air refueling. Image credit: [1]

(b) Manned-unmanned teaming of heli- (c) Emergency landing site identifica-
copters. Image credit: [2] tion. Image credit: [3]

Figure 1.1: Example tasks of future autonomous aircraft systems that
require strong environment perception capabilities

refueling, which can result in severe damage [4-7] or even fatalities [8] from
time-to-time. Furthermore, recording data from a low-flying Unmanned Aircraft
System (UAS) perspective over urban areas or humans is often restricted in the
European Union regulatory framework due to safety concerns [9]. Even when
data could be recorded, the manual annotation of images can be extremely
time-consuming, requiring up to 60 to 90 minutes per image for semantic
segmentation datasets in an automotive setting [10, 11].

To address the scarcity of real-world images, the use of synthetic images gener-
ated by increasingly realistic visual simulation environments has gained more



1 Introduction 3

and more attention. Modern game engines can simulate almost any situation,
extract visual sensor data, and provide ground truth annotations at relatively
low costs. This approach further mitigates safety and regulatory concerns,
enabling the generation of diverse data, including edge and corner cases. The
European Union Aviation Safety Agency (EASA) even mentions synthetic data
in their plans for certifying artificial intelligence components for aviation [12].

While training on synthetic images is a promising approach to reduce the need
for real-world data, deep learning models trained solely on synthetic images
regularly struggle to generalize well to real-world images, resulting in a low
performance. This generalization problem often makes these models unsuitable
for real-world deployment and is therefore a pressing challenge. However, the
underlying causes for this phenomenon are not yet fully understood and may
stem from multiple sources, including the model, data, and training process,
as explained in Section 1.2. The difficulties to identify reasons and influencing
factors arise from, e.g., the complexity of neural networks and the lack of
comprehensive descriptions of image similarity, particularly in complex and
cluttered scenes.

Against this background, this work investigates the suitability of synthetic
images for training deep learning models in aviation as well as influences on
the sim-to-real generalization capability of the deep learning models. The
findings provide insights into the effectiveness and limitations of synthetic
images for training deep learning models, contributing to the wider adoption
of advances in deep learning in domains with limited access to visual data, such
as the aerospace industry. Furthermore, the results will form a basis for future
research on the use of synthetic visual data for deep learning model training in
various domains beyond aerospace.

After an overview of the state-of-the-art in Section 1.2, the research questions
considered in this dissertation are presented in Section 1.3, followed by an
outline of the remaining structure of this work in Section 1.4.
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1.2 Related Work

1.2.1 Synthetic Images for Training Deep Learning Models

Using synthetic images from game engines to train deep learning models has
received rising attention in recent years. Researchers investigated its use for
object detection [13-27], semantic segmentation [18,28-33], classification [34],
multi object tracking [14, 35] as well as viewpoint estimation [36], among
others. The investigations range from the autonomous driving domain for tasks
like pedestrian and vehicle detection [14, 17, 18, 28-31], safety monitoring
of construction workers [16], and drone detection from static cameras [15]
to UAS detection tasks for people, vehicles, and animals [21-27], aircraft
detection from satellite perspective [19] and more. The growing interest and
research are fueled by advancements in high-quality game engines such as the
Unreal Engine [37], UNITY [38], and the one from Grand Theft Auto V [39]
in combination with corresponding data extraction methods and tools like
CARLA [33,40], AirSim [41], Sim4CV [42], UnrealCV [43] and the one presented
in [28]. Furthermore, published synthetic datasets such as SYNTHIA [31], Virtual
KITTI [35], Synscapes [18], RarePlanes [19] and the one presented in [28] drove
the research.

Because of the potential benefits of using synthetic images, its usage is even rec-
ommended by the task force on Artificial Intelligence (Al) from EASA in [12]:

“[Tlhe design and testing of safety-critical machine learning models
should rely on simulated/synthesized data, for which new data can
be acquired at a very low cost once a system is setup.”

But even when the data may look very realistic, one has to keep in mind that it
is not the data the model will face when deployed. Against this background,
EASA adds that “synthetic data should never be used without proper analysis
and mitigation of the domain biases, no matter how realistic it looks” [12].
Recent research shows that this indication is a very important one, as using
synthetic data for training is not as straightforward as it may seem. While
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synthetic data may appear realistic at first glance, subtle discrepancies that may
not be immediately noticeable to humans (e.g., incorrect shadows or unnatural
edge sharpness) can lead to a low model performance.

Specifically, it is shown for semantic environment perception tasks that neural
networks have problems generalizing to real-world images when trained only
on game engine data resulting in a performance degradation on the real-
world evaluation images. This problem is shown, e.g., for human detection
from overhead cameras [13], drone detection [15], object detection in street
scenes [18], aircraft detection from satellite perspective [19], as well as animal,
vehicle and human detection from UAS perspective [21,23, 24]. Furthermore,
it is also shown for semantic segmentation in urban scenes [18, 28, 31] as
well as from UAS perspective [33]. While the phenomenon is known under
different names such as domain gap [44], reality gap [23], simulation-reality
gap [15], simulation-to-reality gap [45], and Sim2Real gap [46], it is referred to
as sim-to-real gap in this work.

With respect to the sim-to-real gap, [47] states that “synthetic datasets suffer
from a specificity problem which results in models that are incapable of proper
generalization. They perform very well on their own test set, however their
performance suffers on any other test set”. This phenomenon is actually not
new but known for neural networks in general as a generalization problem
of models under dataset shift [48,49]. According to [49], dataset shift occurs
when the training data is not strictly representative of the test data. Therefore,
the sim-to-real gap is closely related to this broader topic. In this direction,
some research even states that the sim-to-real gap is comparable to the shift
between different real-world datasets [36, 50].

On the other hand, a large number of works have shown that synthetic images
have high potential as the gap can be smaller than that of models trained on
real-world images from a slightly different domain [14,22,51]. Notably, [17]
shows that for vehicle detection in urban scenes, a model trained on their syn-
thetic dataset achieves a better performance on the real-world KITTI dataset [52]
than when the same model is trained on the real-world Cityscapes [10] dataset.
Similarly, [22] compares a car detection model from UAS perspective trained on
the VisDrone dataset [53] to a model trained solely on synthetic images. The
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models are evaluated on the real-world dataset AU-AIR [54] which was recorded
in a different geographical region than the VisDrone dataset. Interestingly, both
models achieve similar performance, with the model trained solely on synthetic
image slightly outperforming the model trained on real-world VisDrone data,
despite having never seen real-world images during training.

Moreover, [31] even shows that when real-world data is very limited, models
trained on synthetic images can achieve comparable results to those trained on
real-world ones from the same dataset it is tested on. The authors utilize the
game engine UNITY [38] to generate synthetic images for semantic segmenta-
tion in driving scenes. Notably, their experiments show that a neural network
trained solely on synthetic data can reach performance levels nearly as good
as a model trained on real-world data. However, it is important to consider
that the real-world training dataset used in this comparison was relatively small,
consisting of only 200-300 images, which may not be representative of larger,
more diverse datasets.

1.2.2 Influences on the Sim-to-Real Generalization

While synthetic images have shown promising results for deep learning model
training, the generalization problems from synthetic to real-world images are a
prevailing issue. Although many works explored different applications and use-
cases as described above, only few works investigated reasons and influencing
factors on this generalization problem. On an abstract level, they could come
from all three main components of a deep learning system, namely data, models
and learning [55]. As this work considers only supervised learning, learning and
training are used as synonyms. The following paragraphs present the related
work on reasons and influences structured along these three components.
Finding reasons and influences stemming from these components is not trivial.
For example, a problem on model side is that neural networks are considered
black boxes for which it is currently not fully understood how they come to their
conclusions. On data side, there are no concise descriptions of overall image
similarity, especially when the images get relatively complex and cluttered.
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Data

When investigating synthetic data, [56] argues that the influences of the sim-to-
real gap can be divided into the two components appearance gap and content
gap which is further attested by [24]. The content gap is arising from differences
in the distribution or diversity of the synthetic data compared to the real one.
As an example, one could argue that houses in New York have different heights
and appearances than those in suburbs in Germany and that the number of
cars on the street is probably different. Therefore, a dataset modeling Germany
may not reflect the distribution the model needs for training when it should be
deployed in New York.

The term appearance gap is used to describe the gap resulting from stylistic dif-
ferences between the synthetic images and the real ones. It includes pixel-level
differences which could result from deviations in color-richness, texture-diversity,
materials or missing capabilities of the rendering engine. It is reasonable to
investigate the appearance gap as, although synthetic images look more and
more realistic, differences can often still be seen with the bare eye.

However, if the extracted images looked exactly like their real counterparts, the
appearance gap would be eliminated and a model should have no problem
generalizing to the real data. Therefore, it is a natural step to look at the
photorealism of the images extracted from game engines when using them
for machine learning training. Some authors even see “strong evidence” that
high realism of the synthetic data is important as “[t]here are no indications
that neural networks are able to naturally abstract away domain shift” [18].
Furthermore, [24] shows that the appearance gap has influence on the model
performance by minimizing the content gap as much as possible and inves-
tigating the remaining performance drop. In a similar direction, [57] tries to
measure the realism of synthetic images based on some image metrics. The
work shows that using different rendering parameters to optimize the synthetic
image generation can improve the resulting model performance on real-world
images in a very controlled environment.

Nevertheless, increasing photorealism is a complex challenge that has been
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a long-standing focus of research and development in the gaming industry.
Therefore, achieving significant advancements seems infeasible for industry
users and practitioners in the near future. Furthermore, improving graphics
quality usually comes with high computational demand and high amounts of
manual labor for graphic artists. As [21] shows that the graphics settings only
have a small influence on the performance drop, it is also unclear whether
synthetic images really have to look photorealistic and have to mirror all aspects
of the real-world or whether the models pay attention to different aspects than
humans.

In this direction, there are multiple works investigating different image prop-
erty metrics to measure the differences between the synthetic and real-world
images as well as influences on the sim-to-real gap. In [58], the authors con-
sider grouped image properties such as Color, Brightness/Luminance/Contrast,
and Distortion/Blur/Noise and show that real and synthetic images have differ-
ences on these levels. For the KITTI dataset [59] and its synthetic counterpart
VKITTI [35], they show that even one metric for noise is sufficient to differentiate
the datasets as the synthetic images contain almost no noise. They achieve
similar differentiation results for their real-world and synthetic images from UAS
perspective and conclude that the general coloration and lighting conditions as
well as a lack of noise and fine structures in the simulation have the greatest
influence on the sim-to-real gap.

Going deeper into the investigation of the influence of noise and proper sensor
modeling, [51] models different sensor effects including Chromatic Aberration,
Blur, Exposure, Sensor Noise and Color Shift. Using a Faster R-CNN object
detection model and the real-world KITTI dataset as well as the synthetic VKITTI
and a synthetic GTA-V dataset, they show that each effect as well as the
combination of all improves the performance compared to synthetic images
without these sensor effects. In [60], the authors model sensor lens artifacts
for the synthetic training data and use the Wasserstein distance to optimize
sensor modeling parameters between the synthetic and the real-world images.
Doing so, the work improves the mean Intersection over Union (mloU) for a
semantic segmentation network trained on the synthetic images. The benefits
of modeling camera vignetting are shown in [61]. Modeling it on the VKITTI
dataset, a car detector improves on the real-world KITTI dataset by more than
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5% compared to the original synthetic data. In [13], performance improvements
when matching the distortion of the real-world and the simulation camera
are shown. Generally, [62] states that image augmentation can improve the
performance of an object detector on real-world images but no details on the
augmentations used or further evaluations are presented.

When looking at more subjective features, [21] states that some object classes
look different in synthetic and real-world datasets and that the appearance gap
may be reduced by editing these objects to look more realistic. In detail, there
is research suggesting that the shape of certain objects in game engines looks
realistic but the texture does not, preventing the model from finding some of
the learned features in the real-world images. Experimentally, it is shown in [30]
that the shape of foreground classes like persons and cars is realistic but the
texture is not. To do so, the authors train a binary neural network classifier
to differentiate whether the silhouette of an object comes from a real-world
image or from an image extracted from a game engine. On the other hand,
they state that background classes without well-defined shapes, such as the
sky, look comparably realistic in synthetic images.

A factor on which many researchers agree is the necessity of high diversity
and variety in the synthetic training data. For example, [34] finds that the
variation of synthetic data is important as maximum variation leads to maximum
performance. This is an important finding as some research states that the
diversity of synthetic data is generally lower than that of real-world data. In this
direction, [17] states that the training value of a synthetic image is smaller than
that of a real-world one as a neural network needs more synthetic images to
get a comparable performance. The authors argue that this is because of the
lower variation of the synthetic images. The authors of [23] argue in a similar
direction for their use-case of vehicle detection as they state that the variance
of their 80 3D car models used in their simulation is obviously lower than
that of the 2,700 vehicle instances in the real-world test dataset UAVDT [63].
Similarly, [14] states that for the task of pedestrian detection, the diversity of
the synthetic data is far more important than the amount of synthetic data. In
their experiments, they tried to maximize diversity by generating over 9,519
unique pedestrians by randomizing clothes, backpacks, bags, masks, hair and
beard styles. Furthermore, they randomized the weather conditions from clear,



1 Introduction 10

extra sunny, cloudy, overcast, rainy, thunder, smog, foggy, and blizzard and
recorded the conditions at night as well as day, resulting in 768 generated
sequences. In the same line of reasoning, [47] states that the diversity of the
data is more important than photorealism.

Some approaches aim to close the appearance gap using image stylization or
(unpaired) image-to-image translation like CycleGAN [64]. These approaches
employ neural networks that try learning to transform the synthetic images to
look more like the real-world images while persevering their content. By doing
50, generated annotations can still be used for training but the sim-to-real gap
may be reduced. In the past years, some variations of this general idea have
been developed [65]. As this family of approaches needs real-world data during
training which is not assumed to exist in this work, they will not be investigated
further.

Model

While closely related to the training process and the data, it is reasonable to
also look at the model architecture itself when investigating influences on the
sim-to-real generalization problems of deep learning models. It is known that
some models have better detection performance than others [66,67]. Therefore,
there may also be differences in the model’s ability to generalize from synthetic
to real-world images. A notable example is illustrated by a study on person
detection in artwork, where a YOLO model demonstrated a smaller decline in
performance when trained on real-world data and applied to artwork, com-
pared to other models [68]. This observation suggests that some architectures
may be more robust to domain shifts, motivating the further investigation of
the generalization capability of different models across simulated and real-world
environments.

There are not many works that explicitly look at differences in model general-
ization capability. However, implicitly, there are some works training various
models and achieving different detection results between them but they do not
further analyze these differences, nor investigate influences [14,21, 31]. For
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instance, [21] implicitly shows that a YOLO model for cattle detection seems to
be better at generalizing from synthetic training to real-world evaluation images
compared to the other models investigated. However, there is no interpretation
nor systematic study.

Investigating the influence of the model architecture on the sim-to-real gen-
eralization has the potential to lead to interesting results. For example, recent
studies revealed that vision transformers and Convolutional Neural Networks
(CNNs) learn different features [69]. Furthermore, vision transformers demon-
strated to be better at generalizing [70] and to be more robust to domain
shifts [71]. CNNs tend to rely more on texture for decision-making [70-72],
whereas vision transformers are less texture-biased but rely more on shape
information [70, 71]. Combined with the assumption made by the literature
presented above, that the shape of certain objects in game engines looks
realistic but the texture does not, vision transformers appear to hold promise
for superior generalization capabilities from synthetic to real-world images.
Although this hypothesis has not been extensively studied, preliminary findings
from a recent study [62] provide supporting evidence. The study demonstrates
that vision transformers are able to outperform CNNs on real-world images
when trained on the same synthetic data, suggesting that vision transformers
may be better suited for bridging the gap between simulated and real-world
environments.

Training

The training process of the deep learning model has a significant influence
on its final performance. Therefore, different training approaches have been
presented with the aim to improve the sim-to-real generalization as presented
below. However, as most of these approaches require labeled or unlabeled
real-world data during training, which are not available in the setting considered
in this work, they are only briefly described.

Many works consider the setting in which a combination of synthetic images
and labeled real-world training images is available. In this scenario, different
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strategies for integrating and balancing the synthetic and the real-world images
were investigated.

In this setting, one approach is to train on a dataset that is a mixture of the
synthetic and the real-world images. Some works show that training on this
mixture improves performance compared to training only on the real-world
images for object detection [15, 23, 24], semantic segmentation [31,33] and
viewpoint estimation [36]. While they show the benefits of mixing real-world
and synthetic images, [23] further demonstrates that the mixing ratio also has
an influence as using too many synthetic images deteriorates the performance.
They achieve the best results with a proportion of 20% synthetic data.

In the same setting, other works consider pre-training the models on synthetic
images followed by fine-tuning on real-world images and again show an
improved performance compared to training solely on real-world images for
object detection [15, 18,21, 25], semantic segmentation [18, 29, 32,33] and
multi-object tracking [35]. However, this does not need to hold for every object
class [18] and the performance improvement seems to get smaller when the
size of the real-world fine-tuning dataset increases [21].

When comparing mixed training to fine-tuning, [47] states that fine-tuning
models pre-trained on synthetic data leads to better results than mixed training
for an object detection use-case. Some works even try to combine both
approaches by pre-training the model on a mixed dataset followed by fine-
tuning on real-world images and also achieve improved results compared to
training solely on real-world images [28].

Besides performance improvements, the required amount of real-world training
images can be reduced when used in combination with synthetic ones [15,
19,28, 47]. For example, in the context of aircraft detection from satellite
images, [19] shows that an object detection model loses only little performance
when using just 10% of the available real-world images but adding synthetic
images during training. For drone detection, [15] states that the inclusion of
just 1% of the real-world images into the synthetic training datasets results in
a performance comparable to exclusive real-world training data. For semantic
segmentation in street scenes, [28] achieves comparable performance with syn-
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thetic data and only one-third of the real-world images compared to exclusive
real-world data training.

When no labeled real-world images but only unlabeled ones are available
during training, the given problem setting is generally known as Domain
Adaptation [73, 74]. This is a research field independent of synthetic data
but more general for different source and target data. It considers the problem
of having the same task on the source and the target data but having a slightly
different distribution between the datasets. There are several approaches
in research to face this problem as shown in survey papers [75-77]. For
example, it is possible to incentivize the model during training to learn feature
representations that are independent of the source and target domain. As
these approaches need real-world data during training, which is not assumed
to be available in this work, and are often not specific to synthetic data, they
will not be presented and investigated further.

When no real-world data is available during training, domain randomization [78]
is a prominent approach which is specifically designed for using synthetic data
for training. While it is a natural approach to make the simulation look more
realistic as explained above, in domain randomization, a large amount of
variation is introduced in the simulation for example by changing the textures
of the objects and adding distractors. The resulting scenes may on purpose not
look realistic anymore but give the deep learning model a wide range of data to
learn form. When the model is applied to real-world target data, the real-world
data may be seen as just another sample of the large set of variations faced
during training.

This approach is also closely related to the observation in the literature that
the texture of some objects in simulation seems to not look as realistic as their
shape. By swapping the textures of the objects repeatedly, the model cannot
rely on the texture to detect them but has to learn other features, e.g., their
form. Domain randomization leads to promising real-world performance for
some domains and therefore supports the claim of realistic form but unrealistic
textures of foreground objects in game engines as presented above.

While one of the first works applies domain randomization to the task of object
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localization for robot grasping of objects on a table [78], it was also applied to
various object detection tasks. For example, [79] considers the task of detecting
cars in the KITTI dataset [52] and shows that training a Faster R-CNN model
on domain randomized data achieves better detection performance than a
model trained on the synthetic VKITTI dataset [35], which was built to closely
resemble KITTI. However, the detection performance is still much worse than
when the model is trained on the real-world target data of the KITTI dataset
directly. When pre-trained on the domain randomized data and fine-tuned on
real-world KITTI target data, the model even outperforms a model trained on
the target data alone as well as a model pre-trained on VKITTI data instead of
the domain randomized data. There are also more advanced forms of domain
randomization and deeper investigations in recent literature [80-82].

As current aviation certification efforts for deep learning focus on the con-
cept of Operational Design Domain (ODD) and on ensuring that the training
and evaluation data have the same distribution [83], the author expects that
intentionally waiving photorealism will currently lead to certification hurdles.
However, randomizing different parameters in realistic ranges seems to be a
promising approach to improve the synthetic images and models trained on
them, as presented in the data section above.
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1.3 Research Questions

Building on the motivation presented in Section 1.1 and the review of related
work in Section 1.2, this section outlines the specific research questions con-
sidered in this work. They all contribute to the overlaying goal of investigating
the suitability of synthetic images for training deep learning models in aviation
as well as influences on the sim-to-real generalization capability of the deep
learning models.

As discussed in Section 1.2, numerous factors potentially influence the general-
ization capability from synthetic to real-world images of deep learning models.
Given the multitude of potential influences, this study focuses on a subset of
key factors.

Research Question 1: How well do selected deep learning
models trained on synthetic images perform in terms of
accuracy-related metrics on real-world images in specific avi-
ation use-cases compared to a baseline model trained on
real-world images?

The first research question investigates the suitability of synthetic images for
training deep learning models in aviation. This question is divided into two
sub-guestions, each addressing a distinct aviation use-case with specific char-
acteristics that has received limited attention in the literature. By investigating
these under-explored use-cases, this work contributes new insights into the
applicability of synthetic images for model training.

Research Sub-Question 1.1: How well does a deep learning
drogue detection model trained on synthetic images perform
in terms of mAP on real-world images compared to a baseline
model trained on real-world images?

The first research sub-question focuses on the use-case of drogue detection
during air-to-air refueling, a scenario characterized by high altitude and limited
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Figure 1.2: Exemplary comparison of an image from the autonomous
driving domain (left, [52]) and an image of air-to-air refueling
(right, [84])

visual complexity. Unlike many of the use-cases explored in the literature, this
scenario presents an interesting combination of conditions that may result
in a better generalization from synthetic to real-world images. Specifically,
the high altitude and the limited variability of participating objects reduce the
occurrence of shadows, reflections, distractions, and occlusions, resulting in
visually simpler images. Fig. 1.2 shows an exemplary comparison of an image
from the autonomous driving domain and an image of air-to-air refueling,
highlighting the differences in visual complexity. Furthermore, the limited
number of objects in sight, typically one or two drogues and one tanker aircraft,
as well as the absence of complex ground textures, such as grass, leaves, and
tarmac, contribute to a more controlled and reproducible environment.

This seemingly simpler setting makes air-to-air refueling a suitable starting point
for investigating the generalizability from synthetic to real-world images and
it allows for better isolation of influential factors. The situation may even
be simple enough for neural networks to generalize well from synthetic to
real-world images. Although not yet considered in the literature, it is a natural
scientific practice to resort to a simpler and more controlled setting in which as
many uncontrollable factors as possible can be eliminated. In addition to these
benefits, the use-case is also chosen because it is a representative example of a
simple perception task in aviation. By exploring this use-case, this work aims to
determine whether it is possible to train a deep learning object detection model
on synthetic images that can perform effectively on real-world images.
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To investigate this question, a synthetic image generation toolchain is devel-
oped using a publicly available game engine. It is utilized to generate and
extract synthetic images of air-to-air refueling. The images are used to train a
deep learning object detection model which is then evaluated on real-world
images.

Research Sub-Question 1.2: How well does a deep learning
semantic segmentation model trained on stylistically repli-
cated synthetic images from low-altitude UAS perspective
perform in terms of mloU on real-world images compared to
a baseline model trained on real-world images?

The second research sub-question focuses on the use-case of semantic seg-
mentation from low-altitude UAS perspective. This scenario is inherently more
complex due to the presence of multiple objects, varying object sizes, and
diverse perspectives. However, it is hypothesized that the claimed influence of
differences in texture on the sim-to-real generalization (cf. Section 1.2), may
have a reduced impact because of the flight altitude and the resulting lower
resolution of the objects and the background.

While [33] shows a large performance gap for a semantic segmentation model
trained on their synthetic dataset from UAS perspective, the synthetic and the
real-world datasets exhibited considerable visual differences. This may have
influenced and skewed the results. Therefore, in this work, a real-world dataset
is stylistically replicated in a simulation environment and synthetic images are
generated and used for training. In this context, stylistically replicated describes
that the synthetic dataset shows a visually similar scenery but does not clone
the positions and appearance of every object, as this would not be feasible.
This stylistic replication allows to explore the sim-to-real generalization in a
more controlled setting, where the synthetic data is more closely aligned to the
real-world data. Similar to Research Sub-Question 1.1, the final evaluation of
the deep learning models is performed on the real-world counterparts.
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Research Question 2: How much do selected deep learning
model architectures differ in accuracy-related metrics on real-
world images when trained on synthetic images?

The second research question explores the impact of the deep learning model
architecture on the sim-to-real generalization capability of models trained on
synthetic images.

The influence of the deep learning model architecture on the generalization
capability from synthetic to real-world images has received limited attention in
the literature. However, it may have a significant influence on the generalization
capability of the final model. First, the architecture itself is an integral part
of a deep learning system as described in Section 1.2. Second, it has been
shown that deep learning models have different strengths and weaknesses. For
example, some models are better at generalizing to art-work then others (cf.
Section 1.2). Third, recent advancements in model architectures have led to an
improvement in overall accuracy. However, it remains unclear whether models
also differentiate with respect to their generalization capabilities from synthetic
to real-world images and whether overall accuracy improvements translate to
enhanced generalization.

Against this background, this research provides a novel perspective by inves-
tigating the generalization capability from synthetic to real-world images of
different deep learning models. It examines whether the generalization of these
models aligns with their overall performance or whether certain architectures
or backbones are better at generalizing from synthetic images to real-world
ones.

To ensure the generalizability of the findings, this research considers multiple
deep learning architectures, backbones, datasets, and perception tasks. On the
one hand, it considers drogue detection during air-to-air refueling from Research
Sub-Question 1.1. On the other hand, it considers two semantic segmentation
use-cases. First, the semantic segmentation use-case from a low-altitude UAS
from Research Sub-Question 1.2. Second, a semantic segmentation use-case
from the autonomous driving domain. As deep learning models, 27 semantic
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segmentation models on each of the two datasets as well as 12 object detection
models on the corresponding dataset are considered. Because of the promising
characteristics of transformer backbones that may lead to a good generalization
capability as explained in Section 1.2, the investigation also includes various
transformer backbones.

By exploring the relationship between model architecture and generalization
capability across these diverse scenarios, this study aims to provide novel insights
into the factors that influence the sim-to-real generalization of deep learning
models.

Research Question 3: What influence do selected image aug-
mentation techniques during training of deep learning mod-
els on synthetic images have on accuracy-related metrics on
real-world images?

The third research question explores the potential of image augmentation
techniques to enhance the generalization capability of deep learning models
from synthetic to real-world images.

While basic image augmentations, such as adding blur or adjusting contrast,
have shown to improve performance on real-world datasets [85, 86] and ro-
bustness to real-world distribution shifts [87], their effectiveness in reducing
the impact of the shift from synthetic to real-world images remains unclear.
Although initial studies have demonstrated that image augmentations modeling
different sensor effects can improve performance on real-world images (cf. Sec-
tion 1.2), a comprehensive investigation of the impact of various augmentations
is lacking.

Against this background, this study systematically investigates the influence of
various pixel-level augmentations on the sim-to-real generalization capability
of deep learning models. By examining which image augmentations are most
beneficial, this research also aims to provide insights into the shortcomings of
synthetic images and the differences to real-world images that are relevant for
deep learning models. Using image augmentations has the advantage that
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current state-of-the-art visual simulation environments can be used and that
only image post-processing techniques have to be applied during the training of
the model. However, such insights might also benefit the future development
of improved visual simulation environments.

Specifically, this work considers 25 basic pixel-level image augmentations, such
as adding blur or noise, adjusting the contrast of images, and changing image
colors. Again, to ensure the generalizability of the results, this work considers
multiple deep learning models, datasets and perception tasks.

Compared to previous works, this study investigates a broader range of sensor
effects and augmentations, as well as more deep learning models and datasets
covering various domains and perception tasks. Furthermore, it presents a
systematic evaluation of the effect of each augmentation in isolation and of
some combinations, providing a detailed assessment of which augmentations
improve real-world performance and which do not. This broad investigation
aims to increase the generalizability of the results to other domains and to
provide actionable insights for practical applications.
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1.4 Structure of this Work

In the following Chapter 2, the basics of this thesis are presented. First, the
evaluation metrics for assessing the accuracy of object detection and semantic
segmentation tasks are explained in Section 2.1. Subsequently, methods for
guantifying the sim-to-real generalization of deep learning models are intro-
duced in Section 2.2, including the proxy metric sim-to-real gap, which is useful
for the investigation of architecture-based influences on the generalization
capability. Section 2.3 provides a concise overview of the deep learning models
examined in this work. The chapter concludes in Section 2.4 with a brief
presentation of the image augmentation techniques evaluated in the context
of Research Question 3.

Chapter 3 presents the image datasets corresponding to the three use-cases
investigated in this research, which represent diverse applications with unique
characteristics and challenges. For each use-case, both real-world and synthetic
datasets are introduced. A particular focus is laid on the two synthetic datasets
created within the scope of this work. First, the datasets for investigating
the use-case of drogue detection during air-to-air refueling is presented in
Section 3.1. Since the synthetic dataset is created within the scope of this
work, the section also contains some background on the air-to-air refueling
procedures which were used to derive parameters for data generation to ensure
an unbiased synthetic dataset. A first presentation of the created dataset
was published in [88]. Second, the datasets for semantic segmentation from
a low-altitude UAS perspective is introduced in Section 3.2, which contains
complex aerial imagery. The synthetic dataset is again created within the scope
of this work. A first presentation of it was published in [89]. Third, the datasets
for the semantic segmentation use-case in the autonomous driving domain
is presented in Section 3.3, which contains different perspectives and diverse
lighting conditions.

The investigation of the main Research Question 1 is conducted last to allow the
influences explored in Research Question 2 and Research Question 3 to be con-
sidered in the final evaluation. Therefore, Chapter 4 explores Research Question
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2 on the influence of the deep learning model architecture on its sim-to-real
generalization. Following a presentation of the methodology and experimental
setup in Sections 4.1 and 4.2, the results are presented in Section 4.3. They
are divided into general influences as well as specific influences of the back-
bone, the number of trainable weights, the optimizer, and the architecture.
A summary of the findings is provided in Section 4.4. A first presentation of
the results for the object detection models was published in [90] and for the
semantic segmentation models in [91].

Chapter 5 investigates Research Question 3 on the influence of image aug-
mentation techniques during training on the sim-to-real generalization of deep
learning models. After presenting the methodology and experimental setup in
Sections 5.1 and 5.2, the results are presented in Section 5.3. First, the influence
of image augmentation techniques is explored in isolation. Afterwards, selected
combinations are evaluated. A summary of the results is given in Section 5.4. A
first presentation of the results was published in [92].

Building on the findings from the previous chapters, Chapter 6 explores the
main Research Question 1 on how well deep learning models trained on
synthetic images perform compared to models trained on real-world images
in selected aviation use-cases. Specifically, Research Sub-Question 1.1 on the
use-case of drogue detection is investigated in Section 6.1, and Research Sub-
Question 1.2 on the use-case of semantic segmentation from a low-altitude
UAS perspective is investigated in Section 6.2.

The thesis closes with Chapter 7 giving a conclusion of the main findings on
the research guestions and a presentation of potential future work.
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2.1 Evaluation Metrics

On a general level, deep learning models for environment perception can be
assessed using two key factors: accuracy and speed. In practical applications,
these factors often require a trade-off. For instance, warehouse systems with
real-time requirements may prioritize speed to maintain high throughput and
revenue. In such cases, some errors may be acceptable. On the other hand,
some applications in medical image analysis may allow for longer processing
times but require higher accuracy and fewer errors.

Speed is influenced by multiple factors, including the model itself, hardware,
and implementation. The same model can perform faster on more powerful
hardware or with a more efficient implementation. However, as this work
considers sim-to-real generalization, speed is not the primary focus. Instead,
it concentrates on evaluating accuracy. There are various metrics that are
commonly used to assess it. The following section will introduce the accuracy
metrics employed in this work.

2.1.1 Object Detection

To evaluate the accuracy of object detection models, this work utilizes the mean
Average Precision (mAP) metric. Its definition is derived in the following section.

23
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First, it requires the definition of Intersection over Union (loU), precision, and
recall.

Let C = {c1, ..., cx} be the K classes that the object detection model is trained
onand let G = {g1,..., gu} be the M ground truth objects in the dataset.
Each ground truth object g,, can be described as (cy,. by,,), where ¢;, € C
represents the class and b, € R* represents the bounding box of the object.
The subscript g, is used to symbolize the corresponding ground truth object. A
bounding box b is a vector with four components that can be represented in
various formats, such as those used in Microsoft COCO [93], YOLO [68, 94, 95],
Pascal VOC [96-98], and others [99]. Since these formats can be converted
into each other, the exact format can be neglected here. For each format,
there is a function area that calculates the area of a bounding box. Let further
D = {di, ..., dn} be the N detections of the object detection model on the
dataset. Each detection d,, can be described as (cy,, ba,, @4,), Where ¢4, € C
represents the predicted class, by, € R* represents the predicted bounding box,
and ay, € [0, 1] represents the confidence of the model in the detection. The
subscript d, is used to symbolize the corresponding detection. Typically, only
detections with a confidence greater than or equal to a confidence threshold
~ € [0, 1] are considered.

The primary task of an object detection model is to place an accurate bounding
box around all objects of interest, i.e., around all ground truth bounding boxes,
and assign them to their correct classes [100]. An accurately predicted bounding
box is one that has a high overlap with a ground truth bounding box of the
same class and has a similar size, i.e., it is not too large, nor too small. To
quantify the accuracy of the predicted bounding box, the loU is used. The
loU, also known as the Jaccard index or Jaccard similarity coefficient [100], is
calculated for two bounding boxes b, and b, as

area(b, N by)

area(b,, U b,)’ @.1)

10U (b, by) =
where area(b,, N b,) represents the area of the intersection and area(b,, U b;,)
the area of the union of the bounding boxes. Fig. 2.1a illustrates the calcu-
lation visually. From the definition, it follows that loU(b,,, b,) € [0, 1], where
loU(b, b,) = 1 if both bounding boxes overlap exactly, and loU(b,, b,) = 0 if
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Figure 2.1: Visualization of Intersection over Union (loU)

the boxes do not overlap. The closer the loU is to 1, the better the localization
of the detection. For illustration, Fig. 2.1b shows several bounding box pairs
along with their corresponding loU values.

To specify the minimum localization accuracy required for a predicted bounding
box to be considered a correct detection, an loU threshold T € [0, 1] is defined.
A detection d, € D is then considered to be a correct detection for a ground
truth object g, € G if and only if the following conditions are met:

Cdy = Cgp (Correct class) (2.2)
loU(byg,, bg,) > T  (Accurate bounding box) (2.3)

If a detection meets the conditions for correct detection for multiple ground
truth objects, it is assigned to the object with the highest loU. In case of a tie,
the detection can be assigned arbitrarily.

Using the loU threshold T, the set of detections D can be partitioned into sub-
sets TP containing all corrected detections (true positives) and FP containing
all incorrect detections (false positives). When multiple bounding boxes are
predicted for the same ground truth object, it is common to only consider the
detection with the highest confidence as a true positive and to classify the
others as false positives [97]. It can be assumed without loss of generality that
the detections are sorted in descending order of confidence, i.e., a4 > a4 for
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1 <i<j < N. Therefore, to classify a detection d, € D as a correct detection
(true positive), it must further meet the following condition:

Vd; € D\ {d,} : di meets (2.2) and (2.3) = j > n (Highest confidence) (2.4)

Overall, a detection can be classified as a false positive due to a detection of
a non-existent ground truth object, an incorrectly placed bounding box (loU
less than ), an incorrect class prediction, or a duplicate detection of an already
detected object. Summarized, the sets TP and FP are defined as

TP :={d, € D |3g,, € G : conditions (2.2), (2.3), and (2.4) are met}, (2.5)
FP:={d, e D|d, ¢ TP}. (2.6)

In addition to TP and FP, the set FN contains all missed detections (false
negatives) and is defined as

FN := {gm € G | #d, € D : conditions (2.2), (2.3), and (2.4) are met}. (2.7)

It should be noted that, there are different opinions in the literature on whether
the loU in condition (2.3) should be greater than [96-98] or greater than or
equal to [93,99] the loU threshold 7, for a detection to be considered a true
positive. In this work, a detection is classified as a true positive if the loU in
condition (2.3) is greater than or equal to the loU threshold 7, following the
widely adopted evaluation protocol of Microsoft COCO [93].

Precision and Recall For a given loU threshold 7, the precision P and recall
R of an object detection model are defined as

R L N
P = TR e T D] 2.8)
TP TP
TPl _I7P 09

TP+ |FN] 1G]
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where |.| denotes the cardinality of a set [100]. Note that both P = P(r,v) and
R = R(t,~) depend on the loU threshold 7 and the confidence threshold +y.

By definition, P € [0, 1] and R € [0, 1], with P = 1 indicating that all detections
are correct and R = 1 indicating that all ground truth objects are detected.
An optimal detector would achieve both P = 1 and R = 1, but in practice,
this is rarely the case. Instead, a trade-off between precision and recall has
to be made, which is influenced by the confidence threshold . Specifically,
decreasing -y can lead to a higher recall by considering more detections, but
often at the cost of precision. Conversely, increasing -y can increase precision
by only considering detections with a high confidence, but often at the cost of
recall [99].

The importance of precision compared to recall depends on the application.
Precision is crucial when false positives have severe consequences. For instance,
in military aviation applications, such as target identification, a false positive
could have devastating consequences, and precision is critical to avoid wrongful
engagements. On the other hand, recall is crucial when false negatives have
serious consequences. For example, in search and rescue operations, a false
negative could mean loss of life, and prioritizing recall ensures all potential
victims are identified.

TP, FP, and consequently P and R can also be calculated class-wise by con-
sidering only detections d, € D with ¢,, = ¢ and ground truths g,, € G with
¢g,, = ¢ foraclass ¢ € C. These are denoted as TP, FP., P, and R..

Average Precision Another common metric to evaluate and compare object
detection models is Average Precision (AP). For a given object detection model
and a given loU threshold T, precision P. and recall R. can be calculated for
each class ¢ € C at various confidence threshold values -y. This allows to draw a
Precision-Recall Curve. The AP, dependent on class ¢ € C and loU threshold T,
is then calculated as the area under the Precision-Recall Curve as

1
APT = / P.(r)dr. (2.10)
0
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Figure 2.2: Example Precision-Recall Curves with Average Precision

A high AP indicates that when the confidence threshold «y decreases, precision
remains high while recall increases, meaning that both precision P and recall R
achieve high values simultaneously. A low AP indicates that precision declines
rapidly when the confidence threshold «y decreases. Example Precision-Recall
Curves are shown in Fig. 2.2.

Note that TP(v) and FP(vy) can be viewed as decreasing functions of -,
since an increasing confidence threshold «y leads to fewer detections. As a
result, R = R(y) is a monotonically decreasing function. On the other hand,
no statement can be made about P = P(v), as both the numerator and
denominator are decreasing functions. This typically results in a zig-zag pattern
of the Precision-Recall Curve in real-world applications. To address this, the
curve is often pre-processed for practical calculations [99].

Mean Average Precision Building on the AP, the mean Average Precision
(MAP) is calculated by taking its average over all classes ¢ € C as

1

MAP™ = = " AP. 2.11)
|C| ceC

The metric is again dependent on the chosen loU threshold . Commonly used

loU thresholds for calculating mAP™ are 7 = 0.5 and 7 = 0.75, resulting in

mMAP®® and mAP®"®, respectively [93, 96].
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Another widely used but more challenging metric is mAPLS:05:951 “which is

calculated as the average of the mAP™ over multiple loU thresholds 7 € T :=
{0.5,0.55,...,0.9,0.95} as

05 1
mAPL5:-05:95] _ i Z mAPT. (2.12)

TET

This metric rewards detectors with better localization capabilities and originates
from the COCO evaluation [93]. Note that in the COCO evaluation, the metric
mAPL5:95:95] is denoted as AP. However, this work strictly adheres to the
definitions outlined above. As this work mainly uses mAPL%:05:95] for the
evaluation of object detection models, in the following it is abbreviated as mAP
unless otherwise stated. Furthermore, in accordance with common literature,
mMAP is expressed as a percentage between 0% and 100% instead of between
O0and 1.

2.1.2 Semantic Segmentation

To evaluate the accuracy of semantic segmentation models, this work utilizes
the mean Intersection over Union (mloU) metric. Its definition is derived in the
following section. First, it requires the definition of the pixel-wise loU of two
semantic segmentation annotation masks. It is then generalized for a whole
dataset.

The goal of semantic segmentation is to assign each pixel of an image to a
specific class. Let / € R"**3 be a dataset containing M RGB images of size
hxw and C = {c1, ..., cx} be the K classes that the semantic segmentation
model is trained on. For each image i € /, the ground truth annotation mask is a
2D-array g € C"** where each entry contains the class of the corresponding
pixel. Similarly, a predicted annotation mask is a 2D-array p{) € C"** where
each entry contains the class that the model predicted for the corresponding
pixel.
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Pixel-wise Intersection Over Union The per-image pixel-wise loU of a
predicted and a ground truth annotation mask for an image i measures the
overlap between the annotations masks for a class ¢ € C. It is defined as

TP

O 4 FPO 1+ FNO)” (2.13)

10U (p?, g = -

where TP is the number of true positive, FPY) of false positive, and FN{) of
false negative pixels for class c. Specifically, true positives are pixels for which
the model correctly predicts class ¢. False positives are pixels for which the
model falsely predicts class c¢. False negatives are pixels for which the model
misses a detection of class ¢. The per-image pixel-wise loU ranges between
zero and one, with higher values indicating better semantic segmentation
accuracy.

To evaluate the accuracy of a semantic segmentation model for a class ¢ € C
on the whole dataset, the pixel-wise loU is calculated for the whole dataset
as

o, TPY
loU.(1) = . Lel < . (2.14)
et TPY + 30, FPY + 30, FNY
For each class, it measures the overlap between the ground truth and the
predicted annotation masks.

Mean Intersection over Union To comprehend the semantic segmentation
accuracy of a model on a dataset into a single number, the mloU is used. It
averages the pixel-wise loU. of the dataset over all classes, providing an overall
assessment of the accuracy of the model. For a dataset /, it is calculated as

mioU(/) = lélz]ouc(/). (2.15)

ceC

Summarized, it measures the average overlap between the predicted and
the ground truth annotation masks over all classes. A higher mloU value
indicates better semantic segmentation performance, with a maximum value
of 1 representing perfect segmentation for all classes.
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2.2 Quantification of Sim-to-Real
Generalization

This section outlines the evaluation metrics used to assess the sim-to-real
generalization capabilities of deep learning models in this work.

The primary metric to measure the generalization capability is the absolute
performance of the model on real-world images when trained on synthetic
images. This measure is crucial for practical applications as it directly quantifies
the final performance on the real-world dataset. To do so, established metrics
exist. For object detection, the mAP as presented in Section 2.1.1 is used and
for semantic segmentation, the mloU as presented in Section 2.1.2.

However, for a model with a poor performance on real-world images, this
metric does not take into account whether the model did not learn any useful
features at all, i.e., also has poor performance on synthetic images, or whether
the model is just unable to generalize to real-world images. To evaluate this, a
second metric to quantify the generalization to real-world images relative to the
performance on synthetic images is used. This metric, called sim-to-real gap, is
a useful proxy for investigating different models and model-based influences
on the generalization capability.

The sim-to-real gap is defined as follows. Let R be a real-world dataset and S be
a synthetic dataset. Both may further be split into disjoint training (Ryain C R,
Strain € S) and testing (Riest C R, Stest C S) datasets. Let ms denote a model
trained on Sy.in and e(m, X) — [0, 100] be an evaluation function for a model
m on a dataset X. The sim-to-real gap g is then defined as

g = e(ms, Stest) — €(ms, Riest). (2.16)

It measures the absolute performance difference of the model between the
synthetic and real-world test datasets in percent points (pp). Using this evalua-
tion metric, a comprehensive understanding of the performance gap of deep
learning models can be gained to identify potential areas for improvement.
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In the literature, the notion of sim-to-real gap is sometimes used with a slightly
different meaning [15,21, 28, 31]. Instead of measuring the performance of
the same model on the synthetic compared to the real-world test dataset, it
measures how well a model trained on synthetic images performs on real-world
images compared to a model trained directly on real-world images. This can be
formalized as

g = e(mr, Reest) — e(ms, Riest) (2.17)

for a model mg trained on Risin.

This definition implicitly considers the complexity of the real-world images by
incorporating the performance of a model trained directly on them. Therefore,
when a model trained on real-world data also has poor performance on the
real-world images, the calculated gap might be smaller. However, this definition
has several drawbacks. First, as it requires to also train a model on real-world
images, more real-world images are needed. However, these are usually not
available in the given problem setting. Second, even when some real-world
images are available for training, R:r.in is usually much smaller because of
the general lack of real-world images leading to potential bias or overfitting
of mg. Alternatively, only a fraction of the available synthetic images could
be used which might also skew the results. Third, the model might have
different optimal training hyperparameters on the synthetic and the real-world
datasets. Therefore, differing optimal hyperparameters might be another factor
influencing the results. Additionally, this makes it more difficult to isolate the
influence of training hyperparameters on the sim-to-real gap. Last, the need to
train and evaluate two deep learning models increases the computational cost
and time required to calculate the sim-to-real gap significantly.

On the other hand, Eq. (2.16) does not require any model training on real-
world images. Furthermore, the sim-to-real gap calculation is based on a single
trained model, allowing for a more straightforward and isolated investigation
of model-based characteristics and influences. This also removes the influence
of differing hyperparameters and allows to investigate their influence on the
gap. The downside that the complexity of the real-world images is not taken
into account has only little relevance for this work, as the characteristics of
interest of the different models should be observable when comparing the
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Table 2.1: Advantages and disadvantages of both sim-to-real gap defini-
tions

Advantages Disadvantages

g e No real-world training data e Complexity of the real-world images
needed. is not taken into account.
e Sim-to-real gap calculation is e Model with low performance on both
based on the same trained model.  datasets has a small gap.
¢ Allows to investigate influence of
hyperparameters.

g * Complexity of the real-world data e Differing training dataset sizes of Ryain
is taken into account. and Si.in Might influence results.
e More real-world data needed.
¢ Potentially influenced by suboptimal
hyperparameters on one of the datasets.

trend of multiple models on the same dataset. Although it is unclear how well a
model trained on real-world images might perform, differences in performance
between the synthetic and real-world test datasets are quantified using this
formulation. A second potential shortcoming, that the metric might favor
models with a low performance on both the synthetic and the real-world test
datasets, can be easily mitigated when considered in combination with the
absolute performance of the model, as is done in this work. All advantages
and disadvantages are summarized in Table 2.1.



2 Basics 34

2.3 Deep Learning Models

In this work, differences in sim-to-real generalization of various deep learning
models are investigated. This chapter presents a comprehensive overview of
the examined deep learning models.

The selection of the models is based on multiple criteria. Most importantly, the
models should be influential and widely recognized, as shown by a high number
of citations. Specifically, all models evaluated have more than 1,000 citations
according to Google Scholar' as of May 12, 2025, with many of them having
many more citations of up to 267,300. Furthermore, source code should be
available to reduce potential errors and differences in implementation, and cor-
responding pre-trained weights should be published to reduce computational
load during training.

To ensure consistency in training and evaluation, this study utilizes two widely-
used libraries. For object detection, Torchvision [103] is used and for semantic
segmentation, MMSegmentation [104] is used. These libraries provide stan-
dardized implementations of the investigated models, minimizing potential
errors and differences in implementation.

Because of the selection criteria, and because of the duration of a PhD, this
work might not include all the most recent state-of-the-art models. However,
this is justified since the primary objective of this research is to examine whether
there are differences in sim-to-real generalization across various models and to
explore general trends, rather than to identify the best possible model for a
given use-case.

On a general level, the considered deep learning models consist of two primary
components. First, a backbone, which extracts high-dimensional feature repre-
sentations from raw input images. This backbone is typically a CNN such as a
ResNet [105] or a transformer-based model such as a Swin transformer [106]. It
serves as a feature extractor, capturing spatial and semantic features for down-

Thttps://scholar.google.com
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stream tasks. Second, the meta-architecture, which defines how the extracted
features are processed for a specific task, such as object detection or semantic
segmentation. The meta-architectures include, e.g., Faster R-CNN [107] for
object detection and UPerNet [108] for semantic segmentation. They define
how the feature representations of the backbone are refined, aggregated, and
used to generate final predictions.

The backbones examined in this study include Visual Geometry Group models
(VGG) [109], Residual Neural Networks (ResNets) [105], Wide ResNets [110],
ResNeXt [111], Split-Attention Networks (ResNeSt) [112], ConvNeXt [113],
MobileNetV2 [114], MobileNetV3 [115], Data-efficient Image Transformers
(DeiT) [116], Shifted Windows Transformer (Swin) [106], Twins-PCPVT [117],
and Twins-SVT [117].

The object detection architectures investigated include Faster Region Convolu-
tional Neural Networks (Faster R-CNN) [107], Single Shot MultiBox Detectors
(SSD) [118], RetinaNets [119], and Fully Convolutional One-Stage Object Detec-
tors (FCOS) [120].

The semantic segmentation architectures examined include Unified Percep-
tual Parsing Networks (UPerNet) [108], Pyramid Scene Parsing Networks (PSP-
Net) [121], Fully Convolutional Networks (FCN) [122], DeeplLabV3 [123], and
DeeplabV3+ [124].

A comprehensive list of all considered model combinations is given in Chapter 4.
The following sections provide brief descriptions of the used backbones and
architectures.

2.3.1 Backbones

VGG [109] is a family of CNNs introduced in 2014. The networks follow a
simple basic architecture consisting of convolutional layers with, by the time,
small filters of size 3x 3. This allowed to increase the depth of the model
compared to previous state-of-the-art models. Spatial pooling is done by five
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max-pooling layers and the hidden layers further use the RelLU [125] function.
The final classification is performed by three fully-connected layers followed by
a soft-max layer. All presented models follow this design pattern and only differ
in their depth, i.e., the number of weighted layers. The introduced models
include VGG-13, -16, and -19, consisting of 10, 13, and 16 convolutional layers
respectively, in addition to the three fully-connected layers.

ResNet [105] is a family of CNNs that were developed based on the observation
that the accuracy of networks degrades with increasing depth once a certain
threshold is passed. This observation was counter-intuitive, as deeper networks
are a superset of shallower ones and therefore should have at least the same
accuracy. It was shown that this degradation is not because of overfitting but
rather that the training error increased as well. To mitigate this problem and to
ease the training of deeper neural networks, the residual learning framework
was presented. In this framework, the residual building block is introduced
consisting of multiple convolutional layers and a shortcut connection which
performs the identity mapping over multiple layers. The shortcut connection is
applied to skip the convolutional layers in the block by adding the input of the
block to its output. ResNets consist of multiple of these blocks.

The authors introduced multiple variants of these networks including ResNet-34,
-50, -101, and -152. The appended number denotes the number of trainable
layers including one fully-connected layer responsible for final classification.
The architectural design of ResNet-34 is relatively simple consisting mainly of
3x3-layers similar to VGG models. The skip connections are used over every two
convolutional layers that build a residual block. Networks deeper or equal to
ResNet-50 employ a bottleneck design in the residual blocks reducing the depth
dimension of the feature maps internally for computational reasons. In these
cases, the residual blocks contain three convolutional layers with filter sizes of
1x1,3x3, and 1x1. In this form, the 1 x 1-filters are used to decrease and
consecutively increase the depth dimension of the feature maps. It is important
to note that ResNets have a lower complexity in terms of needed floating-point
operations compared to VGGs although they are much deeper [105].

Wide ResNet [110] is the result of an architecture study on ResNets. The
study was based on the observation that the accuracy of ResNets improves
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with depth but that the number of needed layers increases exponentially for
each fraction of improvement. The inventors of Wide ResNets argue that the
shortcut connections of ResNets are the enabler for deep ResNets but also lead
to problems in the training process. Because of the shortcut connection, the
gradient is not forced to go through the residual block and therefore, a block
might not learn anything during training. As a result, there may be only a few
blocks that learn useful representations and many blocks that provide just very
little information to the overall goal.

Against this background, the authors conducted a detailed experimental study
on the architecture of ResNet blocks and presented an adapted architecture.
The key innovation was to increase the width of the network instead of only
increasing the depth dimension. In this context, width describes the depth
of the feature maps. Furthermore, Wide ResNets do not use the bottleneck
architecture of deeper ResNets as it was used to decrease width but employ
a changed order of batch normalization, activation, and convolution in the
residual blocks as presented in [126]. Overall, Wide ResNets employ a simple
architecture of repeated residual blocks consisting only of 3 x 3-filters while
keeping the depth of the feature maps constant inside a block.

Wide ResNets can be denoted by WRN-n-k where n describes the number of
convolutional layers and k is a factor introduced to denote how wide a network
is compared to the original ResNet. As an example, WRN-50-2 describes a Wide
ResNet with 50 convolutional layers where the depth of the feature maps is
twice as large as in the original ResNet architecture.

ResNeXt [111] also builds on ResNet but splits the input of each residual block
into a specified number of branches, also called groups. This number is called
cardinality C and can be seen as a new dimension of the architecture in addition
to width and depth. In each of the C branches, the input is projected into a
lower-dimensional embedding with width w, i.e., number of channels, using
1 x 1-filters. Afterwards, each branch performs transformations using 3 x 3-
filters followed by a transformation back to the original number of channels
using 1 x 1-filters. The feature maps of each branch are then aggregated by
element-wise addition. Furthermore, each block has a shortcut connection as
presented in ResNets. Similar to VGGs, ResNets and Wide ResNets, the overall
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ResNeXt model consists of a stack of multiple of these blocks.

A ResNeXt model can be denoted by ResNeXt-N (Cxwd) where N is the number
of trainable layers, C is the cardinality and w is the width of each branch as
described above. Exemplary, a ResNeXt-50 (32x4d) simply replaces all ResNet
blocks with ResNeXt blocks. Each of these ResNeXt blocks has 32 branches
where the 3 x 3-convolutions are applied on an embedding with 4 channels. A
ResNeXt-50 (32x4d) has a comparable number of parameters and floating-point
operations as a regular ResNet-50 [111].

ResNeSt [112] further builds on ResNet and ResNeXt. It replaces the traditional
residual blocks of ResNet with a novel Split-Attention module, which serves
as a drop-in replacement for the original residual block. At its core, ResNeSt
combines the multi-branch network layout guided by the cardinality parameter
from ResNeXt with a channel-wise attention mechanism inspired by the SK-Net
block [127]. To do so, each branch of the ResNeXt block is further split, guided
by the newly introduced numerical hyperparameter radix that denotes the
number of splits in each branch. After performing a series of transformations
on the splits individually, the splits are fused again with learnable weight
parameters resulting in channel-wise attention. This enables the model to select
more informative features while suppressing less relevant ones. Afterwards, the
branches are aggregated again, similar to the ResNeXt block.

MobileNetV2 [114] is built for use in mobile applications and extends the
previous version MobileNetV1 [128]. MobileNetV1 uses depthwise separable
convolutions to replace traditional convolutional layers to reduce computa-
tions. Depthwise separable convolutions are defined by two separate layers:
A depthwise convolution for spatial filtering, followed by a 1x 1 point-wise
convolution. MobileNetV2 then introduces an inverted residual structure and
linear bottlenecks. In its building block, the depth-dimension of the input is
first expanded using 1 x 1-filters followed by depthwise separable convolutions
whose 1 x 1-filters project the depth-dimension back to a smaller size. This is
an inverted residual structure as previous residual blocks reduced the depth
dimension internally, instead of increasing it.

MobileNetV3 [115] further builds on MobileNetV2 [114] as well as Mnas-
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Net [129]. MnasNet is an extension of MobileNetV2 that introduces lightweight
attention modules based on the squeeze-and-excitation structure [130] into
the building block. MobileNetV3 then builds on it by using MnasNet as the
initial model and applying network architecture search methods to find an
improved configuration. The authors combine hardware-aware network archi-
tecture search (NAS) similar to [129] for the search of global structures and
NetAdapt [131] for fine-tuning of individual layers. Additionally, they introduce
some manual architecture changes which include the redesign of computa-
tionally expensive layers and the introduction of a non-linearity that is faster
to compute. MobileNetV3 is published in two variants, MobileNetV3-Small
and -Large, designed for mobile use-cases with low and high computational
resources, respectively.

ViT [132] applies the transformer architecture, originally designed for natural
language processing, to the visual domain. Instead of using convolutional
layers, VIT processes images by dividing them into fixed-size patches, which are
then linearly embedded into a sequence of tokens. These tokens are fed into a
transformer encoder, enabling the model to capture long-range dependencies
and global context using attention mechanisms. The ViT architecture also
introduces key modifications to adapt transformers for vision tasks. These
include the addition of positional embeddings to retain spatial information
to compensate for the transformers lack of an inherent inductive bias that is
naturally found in CNNs. ViTs come in different variants, such as ViT-S, ViT-B,
and ViT-L, corresponding to increasing model size and complexity.

DeiT [116] uses the same transformer-based architecture as ViT but tries to
mitigate its disadvantage of requiring huge amounts of training data to achieve
good performance. To do so, DeiT introduces some novel training strategies
and optimizations. When pre-trained weights for a DeiT model are used in
this work, they are based on these optimizations. However, to not let the
training procedure influence the model architecture comparison results, the
newly introduced training procedures are not used during the training on
synthetic images performed in this research but all models are trained using the
same ones. As the model architecture is the same, DeiT also comes in different
variants, such as DeiT-S, DeiT-B, and DeiT-L. For their use in downstream tasks
like object detection or semantic segmentation, DeiT is often expanded with
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a Multi Level Neck (MLN) that improves multi-scale representation learning by
aggregating information from multiple layers instead of using only the final
transformer output.

Swin [106] builds upon VIT by addressing key limitations related to multi-scale
representation and computational efficiency. While ViT produces feature maps
at a single scale, coming from its origins in natural language processing where
words are the basic elements, images inherently contain objects of varying scales.
To account for this, Swin introduces a hierarchical architecture, starting with
small image patches that are progressively merged in deeper layers, allowing
the model to build multi-scale feature representations.

The second improvement is with regards to computational efficiency. ViT com-
putes global self-attention, which scales quadratically with image size, making
it impractical for high-resolution images. Swin mitigates this by restricting
self-attention to a fixed number of local non-overlapping windows, resulting
in linear computation complexity with image size. To maintain global context,
consecutive transformer blocks apply attention to shifted windows, allowing
for cross-window communication while preserving efficiency. The Swin model
is also introduced in multiple sizes, including Swin-T, Swin-S, and Swin-B.

Twins-PCPVT [117] is a hierarchical vision transformer that revisits the de-
sign of spatial attention to address computational efficiency and deployment
challenges. While the Swin Transformer effectively reduces computational com-
plexity using shifted windows, it can introduce uneven window sizes, which
can cause difficulties during deployment. To mitigate this, the authors of
Twins-PCPVT propose an architecture that builds on Pyramid Vision Transformer
(PVT) [133] and Conditional Position Encoding Vision Transformer (CPVT) [134]
to address these challenges while maintaining a simple and effective global
attention mechanism.

PVT introduces a multi-stage pyramid structure to improve performance on
dense prediction tasks such as object detection and semantic segmentation.
Instead of computing self-attention globally across all tokens as in standard self-
attention, PVT computes it only on a subsampled version of the input tokens
which reduces the computational demands. The authors of Twins-PCPVT find
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performance problems arising from the utilized absolute position encodings
and replace them with conditional positional encodings from [134], resulting in
an improved accuracy.

Unlike the Swin Transformer, which combines local and global attention, Twins-
PCPVT exclusively employs global attention. The Twins-PCPVT family includes
models of different sizes, such as Twins-PCPVT-S, Twins-PCPVT-B, and Twins-
PCPVT-L.

Twins-SVT [117] is a hierarchical vision transformer introduced in the same
publication as Twins-PCPVT. Unlike Twins-PCPVT, which only uses global atten-
tion, Twins-SVT introduces a hybrid attention mechanism that combines local
and global attention. To do so, it proposes a novel spatial attention mecha-
nism called spatially separable self-attention, which is inspired by separable
depthwise convolutions and improves computational efficiency compared to
PVT. It consists of locally-grouped self-attention (LSA) and global subsampled
attention (GSA).

LSA captures fine-grained and short-distance information by dividing the 2D fea-
ture maps into non-overlapping sub-windows, restricting self-attention compu-
tation to within these windows. To allow communication between different
sub-windows for global attention, GSA uses a single representative token for
each sub-window to summarize its most important information. These represen-
tatives interact with each other across windows, allowing for global information
exchange while keeping computational complexity low. The Twins-SVT family
includes models of different sizes, such as Twins-SVT-S and Twins-SVT-B.

ConvNeXt [113] is a CNN designed through a systematic architecture study
with the goal to modernize ResNets towards the design principles of vision
transformers. The authors explored a ResNet-50 backbone and investigated the
influence of incorporating several existing components. The key design choices
can be summarized as macro design, ResNeXt adoption, inverted bottleneck,
larger filter size, and layer-wise micro design.

On macro level, the authors change the stage compute ratio and substitute
the stem cell with a simpler patchify layer. They further adopt the ResNeXt
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design of multiple branches and increase network width. Furthermore, they use
inverted bottlenecks inspired by MobileNetV2 [114] and larger filter sizes of 7x7
in depthwise convolution layers. On a micro level, they introduce various design
changes such as moving from a RelLU [125] activation function to GELU [135],
reducing the overall number of activation functions in each block, and using
Layer Normalization [136] instead of Batch Normalization [137].

The ConvNeXt family consists of models of different sizes, including ConvNeXt-
S, -B, and -L, which are designed to match the complexity of transformers
Swin-S, -B, and -L, respectively.

2.3.2 Object Detection Architectures

Faster R-CNN [107] is an object detection architecture that performs object
detection in two steps. In the first step, it generates region proposals of
potential objects. In the second step, these proposals are classified to object
classes. Faster R-CNN directly builds on the previous version Fast R-CNN [138]
which uses the selective search algorithm [139] to generate region proposals, a
CNN to extract feature maps from the image, ROI-Pooling to project the region
proposals onto the feature maps, as well as fully-connected layers to predict
the class of the object and to adjust the final bounding box. Faster R-CNN
improves the speed of the object detection by replacing the computationally
expensive selective search algorithm for region proposal generation with a
Region Proposal Network (RPN). The RPN is constructed to work on the feature
maps extracted from the CNN and is therefore merged directly into the network
structure. It takes the feature maps of the last layer and uses fully-convolutional
layers to output region proposals and objectness scores at each location of the
feature map. The region proposals are predicted relative to predefined anchor
boxes that serve as references boxes. In Faster R-CNN, usually nine anchor
boxes are used which are composed from three different aspect ratios at three
different scales. The objectness score measures whether there is an object in
that region proposal or not. It is used to reduce the number of region proposals
to be classified by just considering the top-ranked proposals. Similarly to Fast
R-CNN, the region proposals are then projected back onto the feature maps
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using ROI-Pooling and a pre-defined number of features are extracted to be
used in the fully-connected layers.

SSD [118] is a one-stage object detection architecture that uses a single neu-
ral network to detect objects and does not rely on explicit region proposal
generation. It performs predictions on multiple feature maps with different
resolutions coming out of the CNN backbone. The utilized feature maps get
progressively smaller throughout the CNN, where the early, higher-resolution
ones are mainly used to detect small objects, while the later, lower-resolution
feature maps are used to detect larger objects. Similar to the anchor boxes
from Faster R-CNN, SSD utilizes default boxes with different aspect ratios and
scales. At each position of the considered feature maps and for each default
box, the model predicts a score for the presence of an object of each category
as well as adjustments relative to the reference box. During training, most of
the default boxes do not contain an object, i.e., are negative examples, which
is the result of the dense sampling method using the reference boxes at each
feature map position. This results in a significant class-imbalance compared to
the positive examples that contain an object. To reduce the negative effects of
the class-imbalance on the stability of the training, SSD employs a so-called hard
negative mining strategy. Instead of using all negative examples to calculate the
training loss, only the negative examples with the highest contribution to the
overall loss are considered, so that the ratio of positive and negative examples
matches a pre-defined value.

RetinaNet [119] is a one-stage object detection architecture that mainly ad-
dresses the challenge of foreground-background class imbalance faced by one-
stage detectors because of the dense sampling of object locations. The authors
investigate reasons why one-stage detectors trail the accuracy of two-stage
detectors and identify an extreme foreground-background class imbalance as
the main cause. They argue that most bounding boxes contain easy negative
examples that do not carry useful information for the learning process but
that a large number of these can comprise a majority of the loss and therefore
dominate the gradient during training. RetinaNet proposes to mitigate this
problem by modifying the standard cross-entropy loss to down-weight the
contribution of easy, already well-classified examples. To do so, they introduce
the Focal Loss which contains a modulating factor to the cross-entropy loss. In
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contrast to hard negative mining, where only a small set of anchors is used and
many easy examples are completely discarded during training, the calculation of
Focal Loss uses all anchors in each sampled image. RetinaNet also uses anchor
boxes similar to [107] as well as two fully-convolutional subnetworks for the
prediction of class scores and for regressing bounding box offsets to the anchor
boxes.

FCOS [120] is a fully convolutional one-stage object detection architecture.
In contrast to the architectures described above, it solves object detection in
a per-pixel prediction fashion similar to semantic segmentation. It does not
utilize anchor boxes or region proposals and therefore avoids corresponding
computations and hyperparameters. Instead, at every location in the utilized
feature maps, FCOS directly regresses the target bounding box by predicting
a class as well as a four-dimensional vector describing the distance from the
location to the four sides of a corresponding bounding box. To reduce the
number of ambiguous locations, i.e., locations which could be assigned to
multiple ground truth bounding boxes, it uses multi-level predictions. Therefore,
multiple feature maps are utilized to make predictions and each feature map is
responsible to detect objects of specific sizes. In case there are still ambiguous
locations, the bounding box with the smallest area is chosen as the regression
target. As the authors observed a problem with low-quality predictions coming
from locations far away from the center on an object, they further introduce a
center-ness branch which predicts the normalized distance from a feature map
location to the center of the object. During inference, the center-ness value
is multiplied with the corresponding classification score and therefore used to
down-weight bounding boxes that are created at locations far away from the
center of an object. As a result, these low-quality bounding boxes are more
likely to be filtered out using non-max suppression.

Feature Pyramid Network (FPN) [140] is not an object detection architecture
itself but an architectural enhancement for the integrated backbones designed
to address the challenge of detecting objects at various scales. To address the
challenge, it builds a feature pyramid consisting of multiple levels at different
spatial resolutions using feature maps from the CNN. The predictions of the
object detector are then made independently on each level of the pyramid. The
idea of FPNs is to combine low-resolution, semantically strong features from
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deep feature maps with high-resolution, semantically weak features to create
high-level semantics on each level. As a result, the construction of the FPN
involves a bottom-up pathway, a top-down pathway, and lateral connections.
The bottom-up pathway is the regular feedforward computation of the CNN. In
addition, a top-down pathway is created that upsamples the lower-resolution
but semantically stronger feature maps successively. These upsampled feature
maps are enhanced with feature maps from the bottom-up pathway via lateral
connections that combine both maps by element-wise addition. The lateral
connections are introduced to improve the localization accuracy as the feature
maps of the bottom-up pathway are subsampled fewer times. To reduce
aliasing effects of the upsampling, the feature maps are transformed using
3 x 3-convolutions before being used for predictions. As the FPN exploits the
CNNs inherent multi-scale, pyramidal structure, it introduces only marginal
extra cost. Furthermore, as the concept is independent of the backbone, it can
be integrated into most object detection architectures.

2.3.3 Semantic Segmentation Architectures

FCN [122] is a semantic segmentation architecture that leverages a fully con-
volutional design to enable efficient and accurate pixel-wise predictions. The
architecture consists of an encoder-decoder structure, where the encoder is
the backbone that extracts features from the input image. For decoding, the
fully-connected layers of the backbone are replaced with convolutional layers to
perform in-network upsampling of the features, allowing the model to produce
pixel-wise predictions. These upsampling convolutional layers are sometimes
also called deconvolution layers. A further key innovation of FCN is the defini-
tion of a skip architecture, which combines coarse semantic information from
deeper layers and fine appearance information from shallow layers. This design
enables the model to capture both local and global contextual information and
to produce accurate and detailed segmentations.

PSPNet [121] builds on FCN and aims to improve its semantic segmentation
performance by better incorporating global context information. To achieve
this, PSPNet introduces a Pyramid Pooling module that captures global scene
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information at different scales and varying sub-regions, and acts as a global
contextual prior that enables the model to better understand complex scenes.
The module takes the last feature map of the backbone and applies global
pooling under different pyramid scales. This process involves applying global
pooling on the whole feature map as well as on different sub-regions corre-
sponding to each pyramid level. The resulting feature maps are upsampled
and concatenated to the original feature map, creating a representation that
combines local and global context information. The enhanced feature maps
are then fed into a convolutional layer to produce the final per-pixel predictions,
allowing it to capture local patterns and global relationships within the input
image.

DeeplabV3 [123] represents the third major iteration of the Deeplab archi-
tecture for semantic segmentation, improving upon the limitations observed
in earlier versions. The first version [141] introduces the use of atrous convolu-
tions, also known as dilated convolutions. They allow the network to have a
larger receptive field, without increasing the number of parameters or reduc-
ing the resolution of feature maps, by introducing spaces, also called holes,
between the kernel elements. To upsample the feature maps to the original
size for final classification, the model uses bilinear interpolation at negligible
computation costs compared to deconvolutions. Furthermore, DeeplLab uses
a fully-connected Conditional Random Field (CRF) [142] to improve object
localization and to capture fine object boundary details. DeeplabV2 [143]
extends the development by introducing the Atrous Spatial Pyramid Pooling
(ASPP) module, which applies multiple parallel atrous convolutions with differ-
ent dilation rates, i.e., different amount of space between the kernel elements,
to capture objects and image context at multiple scales using various fields of
view. DeeplLabV3 then revisits and improves the ASPP module further by adding
image-level features using global average pooling, which enrich the feature
representation with global context, and adding batch normalization within
ASPP. Furthermore, DeeplLabV3 removes the need for CRF post-processing
while improving performance compared to previous versions.

DeepLabV3+ [124] extends DeeplLabV3 by introducing an encoder-decoder
structure, incorporating a simple decoder module to refine segmentation results,
particularly along object boundaries. This decoder upsamples the high-level
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features of the backbone and combines them with low-level features from
earlier layers, refining edge information and enhancing segmentation accuracy.
DeeplabV3+ further integrates depthwise separable convolutions into the ASPP
and decoder modules to reduce computation complexity while maintaining
performance.

UPerNet [108] is a semantic segmentation architecture that builds on FPN
and PSPNet. It extends the backbone with an FPN structure as presented
above, enabling the model to aggregate features from different stages of the
backbone. To increase the receptive field and to enhance the global context of
high-level features, a Pyramid Pooling module, inspired from PSPNet, is applied
to the last feature map of the backbone, before feeding it into the top-down
branch of the FPN. Using the FPN structure, the enriched high-level features
are progressively upsampled and merged with features from earlier layers via
lateral connections to enhance spatial details. The merged features from the
different pyramid levels are then fused to form a high-resolution representation
that is used to output the final per-pixel predictions.
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2.4 Image Augmentations

Image augmentation techniques are a set of methods used to modify certain
image characteristics and to increase the overall diversity of image training
datasets. Basic image augmentations, such as adding blur or adjusting contrast,
have shown to improve performance of deep learning models on real-world
datasets [85, 86] and robustness to real-world distribution shifts [87].

In this work, the influence of 25 pixel-level image augmentation techniques on
the sim-to-real generalization of deep learning models is investigated. Com-
pared to spatial-level augmentations, which alter the input image spatially
through transformations such as image flipping while leaving its visual appear-
ance largely unchanged, pixel-level augmentations modify the visual character-
istics of images, e.g., by adding blur or altering colors. Because of that, they
are more relevant to the considered research question.

This section gives a brief overview of the investigated augmentations. For all
augmentations, their implementation from the Albumentation library [85] is
utilized. For more details about a specific augmentation, the reader is referred
to the online documentation of the library [144, 145].

Following 25 pixel-level augmentations are investigated in this work. An
illustration of their effects is given in Fig. 2.3 at the end of this section.

AdvancedBlur [144]: Applies a Generalized Gaussian Blur using randomized
parameters to create a diverse range of blur effects. This augmentation also
allows for anisotropic blurring, i.e., independent control over horizontal and
vertical blur strengths, as well as kernel rotation. Additionally, the augmentation
injects multiplicative noise into the kernel, resulting in more realistic and varied
blur effects.

Blur [144]: Applies a uniform box blur by utilizing a square kernel. The blur
kernel size is randomly chosen, resulting in varying levels of blur intensity. By
averaging all pixels within the kernel area, it can reduce noise but can also
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compromise image detail. This method is computationally efficient, but may
produce less natural results compared to Gaussian blur.

Contrast Limited Adaptive Histogram Equalization (CLAHE) [145]: En-
hances the contrast of the input image by applying a form of histogram equal-
ization. Unlike traditional histogram equalization, CLAHE divides the image
into small regions and applies equalization locally, resulting in a more balanced
contrast enhancement.

Colorlitter [145]: Randomly perturbs the color properties of an image, specifi-
cally altering its brightness, contrast, saturation, and hue. The order in which
these transformations are applied is randomly determined for each image,
introducing variability in the resulting color appearance. The magnitude of the
changes is controlled by ranges that are applied as multiplicative factors for
brightness, contrast, and saturation, and as an additive factor for hue.

Defocus [144]: Applies a defocus blur to simulate an out-of-focus camera
effect. This is achieved by using a combination of disc kernels, which mimic the
shape of an aperture of a camera, and Gaussian blur, which softens the edges
of the disc kernel to create a more realistic effect.

Downscale [145]: Decreases image quality by simulating the effect of low-
resolution images. This is achieved by reducing the image resolution via down-
scaling and then restoring its original size via upscaling, resulting in a loss of
detail. The downscaling factor is randomly selected from a specified range,
introducing variability in the degradation process.

Emboss [145]: Applies an embossing effect, which gives the impression of
raised or recessed areas. By emphasizing differences in adjacent pixel values,
embossing highlights the edges and contours of an image and creates a sense
of depth.

Equalize [145]: Adjusts the contrast of the input image by applying histogram
equalizing, a technique that redistributes pixel intensity values to create a
more uniform distribution. The equalization is done for each color channel
separately.
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FancyPCA [145]: Applies Principal Component Analysis (PCA) to the color
channels of the input image and then adjusts the image by adding multiples
of the principal components, resulting in altered colors and intensity. The
magnitude of the adjustment is controlled by a random variable with a Gaussian
distribution.

GaussNoise [145]: Introduces Gaussian noise into the input image, simulating
a type of sensor noise that can occur, e.g., during digital image acquisition. The
noise is sampled for each color channel independently.

GaussianBlur [144]: Applies a Gaussian blur to the input image, reducing
image noise and detail while creating a smoothing effect. The blur is achieved
using a Gaussian filter with a randomly sized kernel, allowing for a range of
blur effects from subtle to strong. By normalizing the kernel, the augmentation
preserves the image luminance.

GlassBlur [144]: Simulates the visual distortion caused by looking through
textured glass, creating a frosted glass-like effect. It does so by locally shuffling
pixels in the image.

HueSaturationValue [145]: Adjusts the hue, saturation, and value of an
image by manipulating its HSV channels. The augmentation adjusts each
channel independently, allowing for a wide range of color and brightness
modifications.

ISONoise [145]: Simulates the effects of high ISO settings in digital photogra-
phy by introducing camera sensor noise. It models two primary components of
ISO noise. First, color noise, which causes random shifts in color hue. Second,
luminance noise, which results in random variations in pixel intensity.

MedianBlur [144]: Applies a median filter to the input image, effectively
removing salt-and-pepper noise while preserving edges. It is especially useful
for noise reduction and more robust to outliers than, e.g., Gaussian blur.

MotionBlur [144]: Simulates blur that can result from movements such as
camera shake or object motion during image capture. The effect is generated
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by applying a directional kernel to the input image.

RGBShift [145]: Applies a constant uniform shift to the values of each channel
in the input RGB image. The shift is independent for each channel and randomly
selected from a specific range for each image. By doing so, the augmentation
simulates variations in color tone and intensity.

RandomBrightnessContrast [145]: Randomly adjusts the brightness and
contrast of an image, simulating a wide range of lighting and contrast variations.
The augmentation first applies a contrast adjustment, followed by a brightness
adjustment.

RandomGamma [145]: Applies a random gamma correction. By doing so,
it can modify the brightness of an image while preserving relative differences
between lighter and darker areas in the image.

RandomToneCurve [145]: Manipulates the tone curve of the input image,
altering the relationship between bright and dark areas using a non-linear
random S-curve. By doing so, it modifies the histogram of the image and can
adjust the contrast and brightness. As the same curve is applied to all channels,
the color balance remains unaltered.

RingingOvershoot [145]: Simulates ringing or overshoot artifacts near sharp
transitions that can result from digital image processing such as sharpening or
edge enhancements.

Sharpen [145]: Applies a kernel-based interpolation method to sharpen an im-
age. Specifically, the augmentation employs the Laplacian operator to enhance
image details but may also produce artifacts.

ToSepia [145]: Applies a sepia effect transforming the image into having
a warm and brownish tone. The augmentation uses a specific, pre-defined
transformation matrix that is applied to the color channels of the image.

UnsharpMask [145]: Sharpens the input image using the Unsharp Masking
technique, which increases edge contrast and results in a perceived increase of
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sharpness. The augmentation achieves this by applying Gaussian blur to the
image, creating a mask derived from the blurred version and combining it with
the original image to highlight edges and fine details.

ZoomBlur [144]: Simulates a blur effect that can be caused when a camera
rapidly zooms in or out, or moves towards or away from an object. This results
in a blur pattern that radiates outward from a central point in the image.

(9) Downscale (h) Emboss

Figure 2.3: lllustration of the effects of the considered image augmenta-
tion techniques. Image without augmentations from [146]
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(g) MotionBlur () RandomBrightnessContrast

Figure 2.3: (Cont.) Illlustration of the effects of the considered image
augmentation techniques. Image without augmentations
from [146]
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(y) UnsharpMask (z) ZoomBlur

Figure 2.3: (Cont.) Illlustration of the effects of the considered image
augmentation techniques. Image without augmentations
from [146]



3 Datasets

To ensure the generalizability and robustness of the findings, this study utilizes
three distinct use-cases with corresponding datasets to address the research
questions. By conducting experiments and investigations across these diverse
datasets, it aims to provide a comprehensive understanding of influences on
the sim-to-real generalization of deep learning models.

The three use-cases represent a wide range of applications, each with unique
characteristics and challenges. First, the task of drogue detection during air-to-
air refueling is considered, which presents a visually simple yet critical aviation
use-case. Second, a semantic segmentation use-case from a low-altitude UAS
perspective is explored, which involves complex aerial imagery. Third, a semantic
segmentation use-case from the autonomous driving domain is examined,
which provides different perspectives and diverse lighting conditions.

For each use-case, both real-world and synthetic datasets are required. This

chapter introduces these datasets. A particular focus is paid to the two synthetic
datasets created within the scope of this work.

3.1 Air-to-Air Refueling

The first investigated use-case focuses on drogue detection during drogue-
relative navigation in air-to-air refueling, a visually simple yet critical application
that serves as a baseline for further analysis. The simplicity of this use-case

55
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enables the generation of synthetic images that closely resemble real-world
scenarios, thereby minimizing the content gap. To ensure unbiased data, i.e.
data that is not skewed towards specific conditions potentially present in the
real-world images such as the distribution of drogue positions or flight altitude,
the synthetic images are created in accordance with standardized air-to-air
refueling procedures instead of directly mirroring the real-world images.

To achieve this, Section 3.1.1 describes the necessary air-to-air refueling back-
ground and outlines the relevant refueling procedures. The focus is laid on the
aspects relevant for visual data generation as well as the aircraft and procedures
depicted in the available real-world data presented in Section 3.1.2. Building
on this background, Section 3.1.3 outlines the derived parameters for data
generation and presents the toolchain developed to generate the synthetic
data.

A first description of the data and the generation process was published
in [88].

3.1.1 Background

Air-to-air refueling is the process of transferring fuel from one aircraft to another
during flight. It allows aircraft to extend their range and carry heavier payloads.
Especially in military context, air-to-air refueling is important for various missions,
as it enables smaller aircraft such as fighter jets to perform tasks that would
otherwise be beyond their operational range or capabilities. Some entities
even consider air-to-air refueling to be one of the essential capabilities of
airpower [147].

In air-to-air refueling, the two primary methods employed by North Atlantic
Treaty Organization (NATO) member states today are the Flying-Boom method,
also known as Boom-Receptacle, and the Probe-and-Drogue method [148].
The Flying-Boom system utilizes a rigid tube extending from the tanker aircraft,
which is guided into a receptacle on the receiver aircraft. The boom is controlled
by a dedicated operator on board of the tanker aircraft. Once connected, fuel
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Figure 3.1: lllustration of the air-to-air refueling methods Flying-Boom
(left, [149]) and Probe-and-Drogue (right, [1])

is transferred from the tanker aircraft to the receiver aircraft through the boom.
In contrast, in the Probe-and-Drogue system, the tanker aircraft tows a flexible
hose without manual control. It is stabilized by a drogue which contains a
funnel that allows fuel to flow into the receiver aircraft when a connection is
established. To initiate this connection, the receiver aircraft navigates the probe
of its aircraft into the drogue, triggering the mechanism to enable fuel transfer.
Fig. 3.1 shows examples of both refueling methods.

This work considers air-to-air refueling with the Probe-and-Drogue method.
The method offers several advantages over the Flying-Boom system but has the
significant drawback of imposing a high workload on the pilot of the receiver
aircraft. While the close formation flight makes the flight task dangerous,
the pilots often additionally operate under stress, as they typically only have a
limited time window to complete the refueling process. Given the benefits of
the system, which are however tied to a challenging task for the pilot, research
in recent years has increasingly focused on developing methods to support
the pilot during this maneuver or to even automate the process. For instance,
various automation and control concepts for Probe-and-Drogue refueling have
been explored in the literature [150].
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Figure 3.2: Air-to-air refueling procedure of the considered use-case.
Based on [148]. First published in [88]

Air-to-Air Refueling Procedure using the Probe-and-Drogue Method
The standardized procedures for air-to-air refueling within NATO are docu-
mented in NATO ATP-3.3.4.2 [148]. The ATP further allows NATO member
states to supplement it with Standards Related Documents (SRDs) that add spe-
cific national procedures as needed. This section describes the general air-to-air
refueling procedure based on NATO ATP 3.3.4.2, focusing on the use-case rele-
vant to this work: refueling of a fixed-wing aircraft using the Probe-and-Drogue
method with air-to-air refueling pods. For further explanations and possibly
omitted details that are not needed within the scope of this work, the reader is
referred to [148]. A graphical representation of the procedure described below
is provided in Figure 3.2.

After rendezvous, i.e., once the tanker aircraft and the receiver aircraft have
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Echelon Right

Contact Left Astern Left

Echelon Left

Figure 3.3: Positions during air-to-air refueling, including designations.
Figure not to scale. Based on [151]. First published in [88]

established visual contact, the task of the receiver aircraft is to take and hold
various positions relative to the tanker aircraft or the refueling drogue. These
positions and their designations are illustrated in Fig. 3.3. The first task of
the receiver aircraft is to establish a close formation flight (Fig. 3.2a). This
is typically achieved by taking the Echelon Left position (Fig. 3.2b), unless
otherwise directed by the tanker aircraft. The exact position depends on the
tanker aircraft and should be described in the relevant SRDs. From Echelon Left,
the receiver aircraft is directed to the Astern position behind a free refueling
drogue (Fig. 3.2¢). This position is approximately 5-20 feet behind the drogue
with a closure rate of zero. Astern is also the position where the receiver aircraft
transitions from tanker-relative to drogue-relative navigation. From the Astern
position, the receiver is cleared by the tanker aircraft to establish contact with
the refueling drogue. To establish contact, the receiver aircraft maneuvers its
probe into the drogue. The capture speed at contact must be within a certain
range. If it is too low, the coupling will not engage. If it is too high, damage
may occur [150]. When contact is established, the probe engages with the
coupling latch, creating a fuel-tight connection (Fig. 3.2d). The receiver aircraft
then moves closer to the tanker aircraft, pushing a section of the refueling
hose back into the refueling pod. When a sufficient amount of the hose has
been rewound, the valve opens and fuel is pumped to the receiver aircraft.
Typically, the required retraction length of the hose is approximately 2 meters,
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but can be defined in the SRDs. This position is referred to as the Contact
position (Fig. 3.2e) and the receiver aircraft has to hold this position during the
refueling process. When refueling is complete, the receiver aircraft is cleared
to disconnect. It then reduces speed to slowly fall back and to stabilize in the
Astern position (Fig. 3.2f). Afterwards, the receiver aircraft is directed to the
Echelon Right position (Fig. 3.2g). Similar to the Echelon Left position, the exact
position depends on the tanker aircraft and should be described in relevant
SRDs. Once the receiver aircraft has taken the position, other aircraft may be
refueled and the receiver aircraft can break away from the formation flight
(Fig. 3.2h).

Relevant for the use-case considered in this work, i.e. drogue-relative navigation,
is the sequence from Astern to Contact.

3.1.2 Real-World Data

The Wehrtechnische Dienststelle far Luftfahrzeuge und Luftfahrtgerét der Bun-
deswehr (WTD 61) recorded and provided real-world videos of air-to-air refuel-
ing sequences for research purposes. The videos show an Airbus A400M with
an air-to-air refueling pod under its left wing and a trailing refueling drogue. A
Panavia 200 (PA-200) Tornado aircraft performs multiple refueling runs with
this drogue. The videos were recorded by a camera mounted on the probe
of the Tornado, capturing images with a resolution of 720x567 pixels and a
field of view of approximately 53°x41.7°. They were recorded at 25 frames per
second (FPS).

A total of four videos featuring multiple refueling runs are available. The videos
start with the deployment of the probe from the aircraft body, end with its
retraction, and show one or multiple refueling runs in-between. The runs do
not always start from the Echelon Left position but sometimes a new contact
attempt is initiated directly from the Astern position after a disconnect.

The use-case considered in this work focuses on detecting the refueling drogue
from the beginning of drogue-relative navigation to contact, i.e., from Astern to
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Figure 3.4: Examples of the available real-world images recorded from
a camera mounted on the receiver aircraft during air-to-air
refueling. Source: [84]. First published in [88]

Contact. However, approaches starting from Echelon Left will also be included
in the real-world evaluation dataset. As the refueling drogue is not visible at
the beginning of these approaches, they allow the evaluation of the detection
model output when no drogue is in the field of view of the camera.

Sometimes the drogue is missed during an approach and the aircraft falls back
slightly to attempt another coupling. Since the drogue should be detected
until successful coupling is achieved, missing the drogue in the approach is
not relevant for the detection task. Therefore, this work defines the end of a
refueling approach to be when contact is established between the probe and
the drogue. A subsequent approach begins when the receiver aircraft returns
to the Echelon Left or Astern position and starts to move towards the refueling
drogue.

To extract the refueling approaches from the full videos, the program Lossless-
cut [152] is used. It allows to losslessly cut the videos into multiple smaller
segments without requiring re-encoding, thereby preserving video quality. How-
ever, cutting is only possible at so-called key-frames which occur every few
seconds. Due to the relatively low relative velocity, this constraint does not lead
to the loss of relevant frames. Instead, it allows to keep the images as close to
the originals as possible. Subsequently, the tool FFmpeg [153] is used to extract
and save individual frames from the videos. Fig. 3.4 shows some exemplary
extracted frames.
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The images from five randomly selected refueling approaches are manually an-
notated, resulting in a total of 5,487 annotated real-world images. Images from
the shortest refueling approach, containing 518 images, are used for training
and validation. They are randomly split into a subset of 80% (414 images) for
training, while the remaining 20% (104 images) are designated for validation.
When no real-world training images are needed, as is the case for most of this
work except for Section 6.1, the complete approach is used as the validation
dataset. Taking the shortest approach aligns with the assumption that usually
only limited real-world data is available in aviation use-cases, if existent at all.
The remaining 4,969 images from the other refueling approaches are combined
in an evaluation dataset.

3.1.3 Synthetic Data

This section presents the developed toolchain and the data generation process
to create the synthetic air-to-air refueling images that should closely resemble
the real-world images. The utilized tools and 3D models are outlined, followed
by a description of how these components are integrated to enable automated
data generation, and a presentation of the parameters used for the final dataset
creation.

Components of the Toolchain for Synthetic Data Generation

A range of tools and components are employed to generate and extract syn-
thetic images of diverse air-to-air refueling scenarios from a game engine.

Unreal Engine The foundation for the generation of the synthetic images
is the game engine Unreal Engine 4.27 [37]. This engine is utilized to create
a virtual world and visualize the air-to-air refueling situation. Developed by
Epic Games, the Unreal Engine is a game engine that has been continuously
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improved since its first release in 1998 [154]. The engine provides a range
of features, including for designing virtual worlds, rendering of scenes and
animations, and creating interactive environments, as well as physics systems.
As a result, it has become a widely-used platform for video game develop-
ment [155, 156] and is also employed in other fields, such as automotive [157]
and architecture [158]. The long history of the Unreal Engine and an active com-
munity have created a vast ecosystem, including forums and support resources,
as well as the Unreal Engine Marketplace (now known as Fab [159, 160]), which
offers a variety of digital assets for integration into Unreal Engine projects. It
also offers 3D models of various aircraft. Furthermore, Unreal Engine contains
a cloud system, called Volumetric Clouds [161], which is employed for the
generation of clouds in the virtual world.

Cesium lon To create a virtual world in which the aircraft can be placed, data
from Cesium lon [162] is loaded into the Unreal Engine using the Cesium for
Unreal plugin [163,164]. It provides a 3D visualization of the Earth for the Unreal
Engine, onto which aerial images can be projected as the texture. Specifically,
Cesium World Terrain and Bing Map Aerial Imagery from Cesium lon are loaded
into the Unreal Engine, which contain a detailed terrain model compiled from
various sources, textured with Bing Map aerial images [165, 166]. Furthermore,
the virtual world is automatically populated with buildings, represented by 3D
polygons, from OpenStreetMap using the OpenStreetMap Buildings option
from Cesium. Finally, the virtual world is enhanced with a geographically
accurate sun and sky, as well as an optical representation of the atmosphere,
using Cesium SunSky [167].

AirSim  AirSim [41] is a plugin for the Unreal Engine 4 that enables the simu-
lation of drone flights and autonomous driving. Developed by Microsoft and
afterwards released as open-source software, it provides programming inter-
faces for placing objects and extracting visual sensor data. For the latter, various
virtual sensors can be attached to objects, including RGB cameras, LIDARs, and
distance sensors. Additionally, AirSim allows to extract segmentation images,
which link each pixel to their respective object class name. These can be utilized
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Figure 3.5: Imported and utilized 3D models of the receiver aircraft, re-
fueling drogue, and tanker aircraft (from left to right). First
published in [88]

to create bounding boxes for the objects of interest. Overall, AirSim is employed
to set the poses of the involved objects and to extract RGB and segmentation
images.

3D Models To visualize the air-to-air refueling scenario in the virtual world,
various 3D models are imported into the Unreal Engine. As the tanker aircraft,
a DLR-internal model of an aircraft similar to an Airbus A400M is used. As
the receiver aircraft, a modified General Dynamics F-16 model from [168]
is employed. The real-world images were captured from a Panavia PA-200
Tornado but a corresponding 3D model was not available. It is assumed that
the different receiver aircraft model does not significantly impact the accuracy
of the drogue detection model because the probe is a separate component
whose position relative to the drogue is not fixed in the images and therefore
should not be considered by the model to detect the drogue. Furthermore, only
a small portion of the refueling probe is visible in the images. As the refueling
drogue, a DLR-internal model is used. The hose is not simulated in detail, but
interpolated linearly between the aircraft and the refueling drogue. A more
detailed model of the hose could be created and integrated in the future but
was deemed to be infeasible in the scope of this work. It is assumed that the
hose does not have a significant impact on the accuracy of the drogue detection
model because its position relative to the drogue is not fixed in the images, it
never occludes the drogue, and sometimes is not even visible in the images.
Therefore, it should not be considered by the detection model to detect the
drogue. The imported and utilized 3D models are shown in Fig. 3.5.
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Figure 3.6: Toolchain for generating and extracting synthetic images
and bounding boxes of air-to-air refueling using the Unreal
Engine. Adapted from [88]

Structure of the Toolchain for Synthetic Data Generation

Using the presented components, a toolchain is developed for generating and
extracting synthetic images, including bounding boxes for relevant objects. The
setup and workflow are illustrated in Fig. 3.6.

The virtual world is rendered in the Unreal Engine containing the 3D models
and Cesium components. Using a setup file, the date, time, and weather
conditions can be defined by the user, enabling the simulation of various
lighting conditions, such as day, dusk, and night, as well as varying cloud
intensities. Additionally, camera parameters, including resolution and field of
view (FOV), can be set. To position the objects involved in air-to-air refueling,
an interface is developed to receive, process, and automatically place them
in the Unreal Engine using AirSim. This allows the visualization of real-world
flight paths or of those simulated using flight mechanics models, and the
extraction of sensor data, such as RGB images. In addition to sensor data,
various metadata is extracted. It includes the positions of the objects and
environmental conditions.

Furthermore, AirSim is used to extract not only RGB images from the virtual
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Figure 3.7: Example RGB image (left) and corresponding semantic seg-
mentation annotation mask (right) from a virtual camera at-
tached to the receiver aircraft. Images are generated and ex-
tracted using the presented toolchain. First published in [88]

camera but also corresponding semantic segmentation annotation masks. In
the segmentation masks, each object is colored according to its associated
class. In the air-to-air refueling use-case, the classes tanker aircraft, receiver
aircraft, refueling drogue body, refueling drogue perimeter, refueling hose,
and background are distinguished. Fig. 3.7 shows a generated RGB image
with its segmentation mask. Since object detection models require bounding
boxes instead of segmentation masks during training, they are derived from
the segmentation masks. This is done by placing a bounding box around the
pixels of the drogue classes.

A list of all adjustable parameters is given in Table 3.1. The position of the
receiver aircraft in the virtual world is set absolutely, while the positions of
the refueling drogue and tanker aircraft are set relatively. An illustration of
the positioning parameters in the toolchain and the corresponding coordinate
system are shown in Fig. 3.8.
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Figure 3.8: lllustration of the coordinate system and the positioning
parameters for the aerial objects in the data generation
toolchain. First published in [88]

Automation of the Toolchain for Synthetic Data Generation

The developed toolchain enables the visualization of the position and orientation
of multiple aircraft, including the extraction of sensor data and bounding boxes.
For training deep learning object detection models, a diverse training dataset is
required, ideally covering all situations faced during deployment. To achieve this,
the interface for entering position data is extended to also accept parameter
value ranges. If ranges are specified, random combinations are generated,
visualized in the Unreal Engine, and sensor data is extracted. For example, this
allows specifying the permitted range of distances between the tanker and
the receiver aircraft, leading to the creation and extraction of sensor data from
a set of random positions in this range. Overall, this enables the automated
generation of diverse datasets covering a specified flight envelope.

In this context, an additional option is implemented to allow the position of the
drogue to be randomly located within the camera frustum rather than requiring
explicit specification. This ensures that the extracted images can contain the
drogue at all possible positions within the camera frustum. Furthermore,
drogues are also randomly placed outside the camera frustum to obtain images
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Figure 3.9: lllustration of the random positioning of the refueling drogue
within the camera frustum

without it, as this may also occur during deployment. Fig. 3.9 exemplarily
visualizes this camera frustum including possible drogue positions.

Generation of the Synthetic Images

To generate synthetic images for training deep learning drogue detection mod-
els, the presented toolchain is utilized with the parameters listed in Table 3.1.
These parameters can be interpreted as the ODD defining the operational range
for which the detection model is trained and ultimately is intended to function
in. They are derived from the NATO air-to-air refueling procedures presented
above and can be seen as a system-level requirement when aiming to develop a
system for deployment. This broad range of parameters is selected so that the
synthetic data covers the expected conditions of air-to-air refueling scenarios
and does not exactly mirror the real-world data. Instead, it forms a general basis
in which the conditions depicted in the real-world data should be included.

As 3D models, the tanker, receiver and drogue model as presented above are
used. The virtual camera mounted on the receiver is positioned and configured
to mimic the real-world camera. The images are generated at a resolution of
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Table 3.1: Parameters used for synthetic data generation

Parameter

Receiver aircraft 3D model
Tanker aircraft 3D model
Drogue 3D model

Value / Range

DLR modified F-16 model
DLR model similar to A400M
DLR model of drogue

Camera resolution
Camera FOV
Camera exposure

720x567 pixels
53° vertical, 41.7° horizontal
Auto exposure

Receiver altitude

Receiver lon and lat

Receiver pitch

Receiver roll

Receiver yaw

Drogue x-offset to probe tip
Drogue y-offset to probe tip
Drogue z-offset to probe tip
Drogue pitch-offset to probe tip
Drogue roll-offset to probe tip
Drogue yaw-offset to probe tip
Tanker x-offset to drogue
Tanker y-offset to drogue
Tanker z-offset to drogue
Tanker pitch-offset to drogue
Tanker roll-offset to drogue
Tanker yaw-offset to drogue

5,000 - 25,000 ft above MSL

100 km radius around CSO airport
-20° - 20°

-20° - 20°

0° - 359° (every geographic direction)
0-24ft

Random positions in camera frustum
Random positions in camera frustum
-10°-10°

None

-10°-10°

15-27m

-10.6 - 10.6 m

3-5m

-10°-10°

-10°-10°

-10°-10°

Date
Time of day
Weather - clouds

1st Jan., 1st May, 1st Sept. 2023
10am, 1 pm, 4 pm
3 different intensities
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720x567 pixels, with a vertical FOV of 53° and a horizontal FOV of 41.7°, using
auto-exposure. The refueling altitudes are modeled after the PA-200 Tornado of
the real-world dataset, which is able to refuel with the A400M between 5,000
and 25,000 ft above mean sea level (MSL) [169]. To create diverse scenarios, the
geolocation of the receiver is randomly set within a 100 km radius of Cochstedt
airport (CSO, Lon: 51.853444°, Lat: 11.39997°). Since the maximum pitch and
roll angles during refueling are not specified in the relevant standard documents,
they are set to +/-20° to introduce variation. The yaw value is randomized
between 0-359° to simulate flight in any direction. The distance between the
drogue and probe tip in x-direction ranges from 0-20 ft, as per [148], and is
expanded by 20% to 0-24 ft in this work to add further variance and buffer.
The position of the drogue on the y- and z-axes is randomly chosen within the
camera frustum, ensuring it can appear in every possible location in the image.
Therefore, the distance in y- and z-direction depends on the camera frustum
and is not explicitly set. As the drogue is largely symmetric, roll simulation is
neglected. Pitch and yaw values are set to +/-10° to introduce variation. The
hose length, as per [148], ranges from 15 to 27 meters, which is used to set
the distance from the drogue to the tanker wing. Following [169], the drogue
is positioned 3-5 meters below the tanker’s air-to-air refueling pod and up to
10.6 meters offset horizontally. Cross-relationships are ignored, which further
increases variation in the training data. The roll, pitch, and yaw values of the
tanker are set to a maximum of +/-10°. To create variations in lighting, different
dates and times of day are selected. Furthermore, to introduce some variation
in the weather, different cloud intensities are generated. With the given tools,
these parameters can not be selected randomly in the Unreal Engine. Instead,
for each combination, a separate environment had to be created and stored.
Because of the resulting combinatorial complexity, three different dates and
three different times of day are selected. To maximize variation, the dates
are evenly spread over a year and times are chosen to ensure enough lighting
so that the drogue is visible. Furthermore, three different cloud intensities
according to Unreal Engine options (none, medium, and maximum) are used.
Overall, this results in 27 separate Unreal Engine environments.

Using the presented toolchain and parameters, synthetic images are rendered
and extracted for training deep learning drogue detection models. For the
model comparison experiments in Chapter 4, 15,579 synthetic images are gen-
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Figure 3.10: Example synthetic images generated using the developed
toolchain and presented parameters. First published in [88]

erated. Of these, approximately two-thirds are used as the training dataset and
the remaining one-third is used as the evaluation dataset. The augmentation
comparison experiments in Chapter 5 use a slightly smaller training dataset
of 8,000 synthetic images to reduce computational load and improve training
speed. Fig. 3.10 shows some of the generated RGB images.

Because of the generation process of the synthetic images, the synthetic and
real-world datasets depict the same scenario as can be seen in Figs. 3.4 and 3.10.
Although there are no exact matching pairs between the synthetic and real-
world images, they are visually comparable. Visual differences are subtle and
can mainly be observed with regards to the rotors of the tanker aircraft and
the probe of the receiver aircraft. Following the argumentation given in the
description of the 3D models, the differences of the probe are accepted as the
detection of the refueling drogue can be considered largely independent of
this component. Similarly, the detection of the drogue can also be considered
largely independent of the rotors as their positions relative to the drogue are not
fixed in the images, they never occlude the drogue, and sometimes are not even
visible in the images. Therefore, they should not be considered by the detection
model to detect the drogue. Furthermore, some differences in photometric
characteristics can be observed. While the real-world images exhibit a relatively
consistent visual appearance, the synthetic images show a broader spectrum of
variation in appearance, resulting in a greater overall diversity. However, this
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does not need to deteriorate the detection performance but in contrast may be
beneficial for the generalization capability of the detection model.

The generation of 15,579 synthetic images required approximately 11.75 hours
on a workstation featuring an Intel® Xeon® W-2265@3.5 GHz processor,
128 GB of RAM, and an NVIDIA® RTXT™A5000 graphics card. The render-
ing and extraction of the RGB images and the semantic segmentation masks
required approximately 3.75 hours of the total time. The remaining 8 hours
were needed to generate the bounding boxes from the semantic segmentation
images. There is potential for reducing the time required for image and bound-
ing box generation in the future. For example, the hardware utilization was not
maximized during the process and the source code used to generate bounding
boxes may be optimized to improve its runtime performance.

As some of the investigated object detection models expect squared images,
all real-world and synthetic images are center cropped to 544x544 pixels
which is the largest possible multiple of 32. The input image size being a
multiple of 32 is beneficial, e.g., for feature alignment in models with five
downsampling operations by a factor of two, such as VGGs [109], ResNets [105],
and MobileNetV3-Large [115]. To further reduce computational load during
training and evaluation, the images are subsequently downscaled to 320x320
pixels. While this downscaling might also reduce overall detection accuracy, it
does not influence the investigation of the research questions as all models are
trained and evaluated on the same rescaled images.
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3.2 Ruralscapes

The first semantic segmentation use-case is from low-altitude UAS perceptive
and involves complex aerial imagery. While the real-world dataset is publicly
available, the utilized synthetic dataset was created in a master thesis under
the supervision of this work and is therefore presented with greater detail. The
dataset and a first description of it were published in [89].

3.2.1 Real-World Data

As the real-world dataset for semantic segmentation from low-altitude UAS
perspective, the Ruralscapes dataset [170] is utilized. This dataset comprises
high-resolution images of 3840x2160 pixels captured by a tilted camera on
a UAS at various altitudes over a rural area in Europe characterized by moun-
tainous terrain. The variation in flight altitude and camera tilt results in objects
being depicted across a wide range of scales and perspectives. The dataset
consists of 20 videos recorded at 50 FPS, with video sequence lengths ranging
from 11 seconds to 2 minutes and 45 seconds, totaling 17 minutes of flight
recordings. Fig. 3.11 shows some exemplary images from the dataset.

Semantic segmentation annotations are provided for every 50th frame, resulting
in labels for 1 FPS and a total of 1,127 annotated images. The annotated
classes are forest, land, hill, sky, residential area, church, road, water, person,
car, haystack, and fence. Due to the rural setting and the flight altitude, the
dominant classes are residential area, land, and forest, while smaller objects
such as haystack, car, and person account for a comparably small percentage.
The labeling process was carried out by 21 volunteers, with an average time of
45 minutes per image [170].

To enhance the relevance of the annotated classes for environment percep-
tion from a low-altitude UAS and to improve comparability with other public
datasets, in this work, the annotated categories are consolidated into the six
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Figure 3.11: Example images from the Ruralscapes dataset [170]

classes building, car, greenery, person, road, and background. The original road,
car, and person classes remain unchanged. The residential area and church
annotations are merged to form the building class. The fence, water, and sky
classes are combined into the background category, while forest, haystack, and
land are merged to create the greenery class. Additionally, the hill class is incor-
porated into the greenery class, as the areas annotated as hills predominantly
feature trees and grass. A detailed summary of the class merging is presented
in Table 3.2.

The original paper partitions the annotated video sequences into 13 videos for
training and 7 for evaluation [170]. The authors ensured that both subsets are
representative of the various flying scenarios and that the scenes are equally
distributed between the training and evaluation sets but no identical scenes
appear in both subsets. This work uses the same training and evaluation
split. Furthermore, a subset of 20% of the training dataset is allocated as the
validation dataset, leaving the remaining 80% for training on real-world images
in Section 6.2. The resulting real-world training, validation, and evaluation
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Table 3.2: Mapping of the semantic segmentation annotation classes
from Ruralscapes to the classes considered in this work

This Work  Ruralscapes

Building Church, Residential

Car Car

Greenery Forest, Haystack, Hill, Land
Person Person

Road Road

Background  Fence, Sky, Water

datasets contain 652, 164, and 311 images, respectively.

3.2.2 Synthetic Data

As no corresponding synthetic dataset from low-altitude UAS perspective ex-
isted, a dataset was created in a master thesis under the supervision of this
work. The dataset and a first description were published in [89].

The goal was to closely resemble the real-world images to close the content
gap to a reasonable extent. However, as it was infeasible to create an exact
representation, the approach was to stylistically replicate the flight area in the
Unreal Engine [37] and extract images from similar UAS perspectives. Con-
sequently, while the synthetic dataset does not exactly mirror the real-world
images and, e.g., building positions may differ, it is designed to be subjectively
comparable in terms of visual appearance. As a result, the data generation can
be interpreted as following an ODD implicitly given by the real-world dataset.

To create the synthetic dataset, the Unreal Engine 4.27 [37] is utilized again.
The steps involved in creating the virtual world are illustrated in Fig. 3.12. The
virtual world is built upon an existing environment featuring a mountainous
landscape (Fig. 3.12a), which is modified to resemble the real-world dataset.
First, a foundation comparable to the Ruralscapes region is created by removing
unnecessary objects, leaving only the mountainous terrain with grass and some
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e

(a) Selection of an existing virtual envi- (b) Basic adjustments and insertion of a
ronment as a basis road network with cars and people

(c) Addition of houses along the road (d) Final adjustments to characteristics
and forests in the background such as colors and brightness

Figure 3.12: lllustration of the main steps to create the virtual world for
the synthetic image dataset corresponding to Ruralscapes.
Images first published in [89]

trees. The ground inside the valley is flattened to accommodate the village
and the mountains are reduced in size, smoothed, and modified to remove
sharp edges and cliffs to better resemble the real-world hills. A small hill with a
meadow and a stream is also added to match the real-world setting. Second, a
simple road network is added using build-in Unreal Engine tools. Similar to the
Ruralscapes dataset, it consists of a main road with lane markings and smaller
streets without markings or sidewalks. Along the streets, cars, lanterns, fences,
and people are placed (Fig. 3.12b). Third, houses are placed along the streets.
To increase variation, these houses have a wide range of shapes, as well as roof
and facade textures (Fig. 3.12¢). Finally, adjustments are made to improve the
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Figure 3.13: Example images from the generated synthetic dataset

similarity to the real-world dataset, including color adjustments to the greenery
and brightness adjustments using the Unreal Engine lighting system. A part of
the final virtual world is shown in Fig. 3.12d.

To extract images and annotations from the virtual world, the AirSim plugin [41]
is utilized again. Overall, 1,569 synthetic images are extracted for training
and 449 for evaluation. Example images are presented in Fig. 3.13. Although
there are no exact matching pairs between the synthetic and real-world images,
the synthetic images appear visually comparable. However, some differences
in photometric characteristics may be observed. While the real-world images
exhibit a relatively consistent visual appearance, the synthetic images display
more variation. This increased variation does not need to deteriorate the
segmentation performance but may even be beneficial for the generalization
capability of the semantic segmentation models.

The time required to generate the synthetic dataset was not measured exactly
but was much shorter than the time needed to create the synthetic drogue
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a) Example real-world RGB image (left) with annotations (right) from the Ru-
ralscapes dataset [170]

(b) Example RGB image from the virtual world (left) with extracted annotations
(middle) and annotations after applying max pooling (right) to improve
similarity to the real-world annotations

Figure 3.14: Comparison of the level of detail of the annotations for the
tree class. Images first published in [89]

detection dataset, as fewer images were generated and no bounding boxes
extraction was necessary, as the semantic segmentation annotation masks can
be directly used to train the semantic segmentation models.

When comparing the automatically extracted annotations from the Unreal
Engine to the manual annotations of the real-world dataset, a difference in
level of detail is observed. This is especially noticeable for the annotations of
the trees. As illustrated in Fig. 3.14, the automatic annotations of the synthetic
images are pixel-precise, whereas the manual annotations of the real-world
dataset are coarser and contain simplifications that seem to be intuitive for
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human annotators. In the synthetic annotations, every branch and leaf of the
trees are annotated and the background visible through the trees is assigned
to its corresponding class. Such a high level of detail would be impractical for
human annotators and is unlikely to provide any benefits for the considered use-
case. In contrast, the real-world dataset assigns all pixels within the silhouette of
the tree to the tree class. As it is expected that this difference in annotation will
create incorrect incentives for the semantic segmentation model, and ultimately
lead to a worse overall accuracy on the real-world images, the level of detail
of the synthetic tree annotations is artificially reduced to better align with the
real-world annotations. This is achieved by applying a max pooling filter to the
tree annotations, overcasting the areas between the branches and resulting in
silhouette-like annotations for the trees.

While the real-world images have a resolution of 3840x2160 pixels, the syn-
thetic images are generated with a resolution of 1920x1080 pixels. To prevent
different image sizes from influencing the results, and to reduce computa-
tional load during deep learning model training and evaluation, all images are
downscaled to 960x540 pixels using linear interpolation. The annotations are
downscaled using nearest-neighbor interpolation to preserve the discrete nature
of the class labels and to prevent color mixing between different classes.
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3.3 KITTI

The second semantic segmentation use-case is from the autonomous driv-
ing domain. It is characterized by different perspectives and diverse lighting
conditions.

3.3.1 Real-World Data

The real-world dataset for the autonomous driving use-case is derived from
the KITTI dataset [59], with annotations for semantic segmentation provided
by [171]. The KITTI dataset contains images captured from a camera mounted
on top of a car driving in and around Karlsruhe, Germany. It features multiple
recording sequences from a diverse range of scenes, including freeway, rural,
and inner-city environments, all recorded during daytime in September and
October 2011. The raw images have been cropped to exclude the engine
hood and sky. While the KITTI dataset is available with annotations for, e.g.,
object detection, tracking, and optical flow estimation, it lacks annotations for
semantic segmentation.

To address this, [172] contributed semantic segmentation annotations for
a subset of 146 images. These annotations were later improved in [171].
The 146 images are utilized as the real-world validation dataset in this work.
Furthermore, [171] provided annotations for 299 additional images from disjoint
recording sequences, serving as the real-world evaluation dataset in this work.
The disjoint recording sequences ensure that the validation and evaluation
datasets do not share any images which could skew the results.

The resolutions of the available images vary slightly, ranging from 1226 to
1242 pixels in width and from 370 to 376 pixels in height. To ensure consistency,
all images are center cropped to the uniform size of 1226x370 pixels, which
is the biggest common resolution among the dataset. Example images are
presented in Fig. 3.15.
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Figure 3.15: Example images from the KITTI dataset [171]

3.3.2 Synthetic Data

As the synthetic dataset for the autonomous driving use-case, the Virtual
KITTI 2.0 (VKITTI2) dataset [146] is used. This dataset is a successor of the
Virtual KITTI dataset [35], containing the same recording sequences but using a
newer version of the Unity game engine, leading to more photorealistic images
by exploiting improved lighting and post-processing features.

The VKITTI2 dataset is constructed to mimic the original KITTI dataset using a
so-called real-to-virtual cloning method. It clones fives scenes from the original
dataset which are disjoint from the real-world ones used for evaluation. They
display diverse scenery such as a crowded urban area, busy intersections, a road
in the forest, and highway driving. Overall, the dataset contains 2,115 images.
Example images are presented in Fig. 3.16.

While the VKITTI2 dataset is created using the real-to-virtual cloning method,
there are no exact matching pairs between the synthetic and the annotated
real-world images available. All images show street scenes and are comparable
between the datasets but the real-world images contain considerably more
images from urban neighborhoods. Furthermore, the synthetic images, at least
partly, exhibit a simpler visual appearance compared to the real-world images,
with less color diversity but more uniformly colored areas as exemplified by the
grass areas in Fig. 3.16. The synthetic images also do not contain pedestrians
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Figure 3.16: Example images from the VKITTI2 dataset [146]

and cyclists. Overall, although similar, this synthetic and real-world dataset pair
seems to differ the most out of the three considered ones.

As the synthetic evaluation dataset, scene number 2 is utilized because it covers
a wide variety of potential situations and contains the most diversity. It shows a
road in an urban area as well as a busy intersection and contains 223 images.
The remaining 1,892 synthetic images from the other scenes are used for
training.

Although the VKITTI2 dataset is rebuilt after KITTI, some deviations in class
annotations are present. For instance, the synthetic dataset lacks the pedestrian
and cyclist classes. When a model is trained on this dataset, it will be unable
to detect these classes. Therefore, such class differences should be resolved to
enable a fair evaluation. To address this, some classes are merged in this work,
as shown in Table 3.3. The final dataset consists of the classes Building, Ground,
Pole/Sign, Sky, Vegetation, Vehicle, and Other. The classes Truck, Van, and Car
are merged into a Vehicle class, while Trees are merged into the Vegetation
class. Additionally, Traffic Sign, Traffic Light, Sign, and Pole are merged into
a Pole/Sign class, and Road, Sidewalk, and Terrain are merged into a Ground
class. The classes Ignore, Misc, Fence, and Guard Rail are all merged into Other,
and since VKITTI2 does not contain Pedestrian and Cyclist classes, these KITTI
classes are also merged into Other.
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Table 3.3: Merging of the semantic segmentation annotation classes
from KITTI and VKITTI2 to resolve annotation differences

Merged KITTI VKITTI2

Building Building Building

Ground Road, Sidewalk Road, Terrain

Pole/Sign Pole, Sign Pole, Traffic Light, Traffic Sign
Sky Sky Sky

Vegetation  Vegetation Tree, Vegetation

Vehicle Car Car, Truck, Van

Other Cyclist, Fence, Ignore, Pedestrian  Guard Rail, Misc

For consistency with the real-world images, all synthetic images are center
cropped to 1226x370 pixels.



4 Deep Learning Model
Influences on the
Sim-to-Real Generalization

4.1 Methodology

This section presents the methodology for investigating Research Question
2, which explores the influence of the deep learning model itself on the sim-
to-real generalization. The research question addresses a significant gap in
the literature, as the impact of the model architecture on the generalization
has received only limited attention. To enhance the generalizability of the
results and to provide actionable insights for practical applications, multiple
deep learning models for different perception tasks are investigated on various
datasets.

As presented in Section 2.3, on an abstract level, the considered deep learning
models consist of a backbone for feature extraction and a meta-architecture
defining how the extracted features are processed to produce the final output
for the specific task. The influence of both components is investigated. To
improve generalization of the results, object detection and semantic segmen-
tation architectures are considered. To investigate the influence of different
backbones, various object detection and semantic segmentation architectures
are combined with different backbones, trained and evaluated. To compare
the influence of different architectures, various backbones are combined with

84



4 Deep Learning Model Influences on the Sim-to-Real Generalization 85

different object detection and semantic segmentation architectures, trained
and evaluated. The detailed experimental setup is presented in Section 4.2.

The backbones of the investigated object detection models come with initial
weights pre-trained on the ImageNet dataset [173] and the semantic segmen-
tation models on the ADE20K dataset [174]. Using pre-trained weights is
common practice across both academia and industry to improve training sta-
bility and to reduce training time. The pre-training datasets are widely used,
generic real-world datasets that serve as a basic initialization but do not mirror
the specific distributions targeted during evaluation. Importantly, the weights
of the final models are trained exclusively on synthetic images. This setup
reflects practical scenarios in which pre-trained models but no task-specific
real-world data is available and therefore enhances the practical relevance of
the findings.

To ensure that the model variations with the best real-world performance are
selected for further investigations, real-world validation datasets are used. As
real-world use-cases are ultimately interested in the best real-world performance
of a model, this approach has more practical relevance than using synthetic val-
idation datasets. However, it is important to note that the real-world validation
datasets do not influence the training itself and that the weights of the final
models are trained exclusively using synthetic images.

Two metrics are employed to investigate the sim-to-real generalization and
potential differences between the deep learning models. First, all trained
models are evaluated on their corresponding real-world evaluation datasets
using mAP for object detection (cf. Section 2.1.1) and mloU for semantic
segmentation (cf. Section 2.1.2). These measures are important for practical
applications as they directly quantify the final performance on a real-world
dataset. Additionally, the sim-to-real gap, as presented in Section 2.2, is used to
quantify the performance on real-world images in reference to the performance
on synthetic images. This allows for a more in-depth investigation of the sim-
to-real generalization of models with lower overall performance. Therefore,
all models are also evaluated on synthetic evaluation datasets. The results
are presented in Section 4.3. First presentations of the results were published
in [90] for object detection and in [91] for semantic segmentation.
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Table 4.1: List of all investigated object detection models and their num-
ber of trainable weights

Architecture Backbone Weights
Faster R-CNN  VGG-13 39M
Faster R-CNN  VGG-16 44M
Faster R-CNN  VGG-19 49M
Faster R-CNN  MobileNetV3-Large FPN 19M
Faster R-CNN  ResNet-34 FPN 38M
Faster R-CNN  ResNet-50 FPN 41M
Faster R-CNN  ResNet-101 FPN 60M
Faster R-CNN ~ WRN-50-2 FPN 85M
Faster R-CNN  ResNeXt-50 (32x4d) FPN 41M
SSD ResNet-50 25M
RetinaNet ResNet-50 FPN 32M
FCOS ResNet-50 FPN 32M

4.2 Experimental Setup

4.2.1 Object Detection

To compare the influence of different backbones on the sim-to-real general-
ization, a Faster R-CNN object detection architecture combined with various
backbones is trained and evaluated. To compare the influence of different
architectures, a ResNet-50 backbone is integrated, trained, and evaluated with
various object detection architectures. All trained object detection models
and their number of trainable weights are presented in Table 4.1. SSD with
ResNet-50 is trained without FPN because SSD uses its own multi-level predic-
tion architecture as explained in Section 2.3. All models are used with their
implementation from the Torchvision library [103].

Each of the considered models is trained with a range of different optimizers
and hyperparameters to minimize potential bias of the results because of
unsuitable training settings. Overall, each model is trained twelve times using
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the following optimizers and hyperparameters:

— Adam [175] with a learning rate of 0.01;

— Adam with a learning rate of 0.001;

— Adam with a learning rate of 0.0001;

— Adam with a learning rate of 0.00001;

Stochastic Gradient Descent (SGD) with a learning rate of 0.01;
SGD with a learning rate of 0.001;

SGD with a learning rate of 0.0001;

SGD with a learning rate of 0.00001;

SGD with a learning rate of 0.01, momentum of 0.9, and weight decay
of 0.0005;

SGD with a learning rate of 0.001, momentum of 0.9, and weight decay
of 0.0005;

— SGD with a learning rate of 0.0001, momentum of 0.9, and weight decay
of 0.0005;

— SGD with a learning rate of 0.00001, momentum of 0.9, and weight
decay of 0.0005.

NN NN

\

As a result, each of the 12 models is trained 12 times, resulting in 144 trained
variations.

The object detection models are trained on the drogue detection dataset with
the splits presented in Section 3.1. Each model is trained for a maximum of
200 epochs with a training batch size of 16. To reduce computation when
the model has reached a local optimum and does not improve anymore, early
stopping with a patience of 20 is used. The model performing best on the
validation dataset is used for further evaluation.

Because of the low variability of the images in the air-to-air refueling situation,
some standard image augmentations are applied during training. The utilized
augmentation techniques are horizontal flipping, randomly changing brightness
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and contrast of the image, applying Gaussian and camera sensor noise, and
blurring the image using a randomly sized kernel. The augmentations are
applied using the Albumentations library [85]. An isolated investigation of the
influence of image augmentations on the sim-to-real generalization is given in
Chapter 5.

4.2.2 Semantic Segmentation

To compare the influence of different backbones, an UPerNet semantic segmen-
tation architecture combined with various backbones is trained and evaluated.
To compare the influence of different architectures, different backbones are
integrated, trained, and evaluated with different semantic segmentation ar-
chitectures. All trained semantic segmentation models and their number of
trainable weights are given in Table 4.2. All models are used with their imple-
mentation from the MMSegmentation library [104].

Each of the considered models is trained with a range of different optimizers
and hyperparameters to minimize potential bias of the results because of
unsuitable training settings. Overall, each model is trained seven times using
the following optimizers and hyperparameters:

— Adam [175] with a learning rate of 0.001;
— AdamW [176] with a learning rate of 0.001 and weight decay of 0.01;

— Nadam [177] with a learning rate of 0.002, momentum of 0.9, and
momentum decay of 0.004;

— SGD with a learning rate 0.01, momentum of 0.9 and weight decay of
0.0005;

— SGD with a learning rate of 0.01;
— SGD with a learning rate of 0.001;
— SGD with a learning rate of 0.0001.
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Table 4.2: List of all investigated semantic segmentation models and
their number of trainable weights

Architecture Backbone Weights
UPerNet ResNet-50 66M
UPerNet ResNet-101 85M
UPerNet ConvNeXt-T 60M
UPerNet ConvNeXt-S 82M
UPerNet ConvNeXt-B 122M
UPerNet Swin-T 60M
UPerNet Swin-S 81M
UPerNet Swin-B 121M
UPerNet Twins-PCPVT-S 54M
UPerNet Twins-PCPVT-B 74M
UPerNet Twins-PCPVT-L 91M
UPerNet Twins-SVT-S 54M
UPerNet Twins-SVT-B 88M
UPerNet DeiT-S MLN 58M
UPerNet DeiT-B MLN 145M
PSPNet ResNet-50 49M
PSPNet ResNeSt-101 72M
PSPNet MobileNetV2 14M
FCN ResNet-50 49M
FCN ResNeSt-101 72M
FCN MobileNetV2 10M
DeeplabV3 ResNet-50 68M
DeeplabV3 ResNeSt-101 91M
DeeplabV3 MobileNetV2 19M
DeeplLabV3+  ResNet-50 44M
DeeplabV3+  ResNeSt-101 66M
DeeplLabV3+  MobileNetV2 15M
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As a result, each of the 27 models is trained 7 times on each of the 2 datasets,
resulting in 378 trained variations.

The semantic segmentation models are trained separately on each of the se-
mantic segmentation datasets and their respective splits presented in Chapter 3.
Each model is trained for a maximum of 200 epochs with a training batch size
of 2. To reduce computational load when the model reaches a local optimum
and does not improve anymore, early stopping with a patience of 10 is ap-
plied. The model performing best on the validation dataset is used for further
evaluation on the evaluation dataset.

4.3 Results

4.3.1 General Influence

Fig. 4.1 shows the performance of all trained object detection models on the
drogue detection dataset and Fig. 4.2 shows the performance of all trained
semantic segmentation models on the KITTI and the Ruralscapes datasets. The
results demonstrate significant differences in sim-to-real generalization among
the trained models and variations. The general trend of the experiments is
similar across all three datasets: The better a model performs on the synthetic
images, the better it performs on the real-world images, as shown by the posi-
tive slopes of the linear regression lines. However, the increase in performance
on the real-world images is lower than the increase on the synthetic images,
i.e., the sim-to-real gap also tends to increase when performance on synthetic
images increases. In the figures, the sim-to-real gap as described in Section 2.2
is symbolized by the distance in y-axis direction of a datapoint to the identity
line.

Furthermore, the results highlight that the sim-to-real gap may also be negative,
i.e., the performance on the real-world images is better than on the synthetic
images even though the model was trained on synthetic images. While this
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Figure 4.1: Performance of all trained object detection models on the
evaluation datasets. Pink: Identity line. Turquoise: Linear
regression through all datapoints. First published in [90]

mostly occurs for models with a relatively low real-world performance, which
would be irrelevant for practical applications, some models show a negative
gap with a relatively high real-world performance. This will further be analyzed
and discussed in Section 4.3.3.

Interestingly, model variations with a negative gap occur less often on the two
semantic segmentation datasets than on the simple object detection dataset.
This is probably rooted in the complexity of the considered datasets. In general,
it can be observed that the sim-to-real gap is not only model but also dataset
dependent. Therefore, the absolute value of the gap depends on the considered
datasets.

When comparing the performance and the generalization of the models on the
three datasets, the experiments show that the models have the best overall real-
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Figure 4.2: Performance of all trained semantic segmentation models on

the evaluation datasets. Pink: Identity line. Turquoise: Linear
regression through all datapoints. First published in [91]
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world performance and the smallest sim-to-real gap on the drogue detection
dataset. It is followed by the KITTI dataset that shows a smaller linear regression
slope as symbolized by the turquoise line and a slightly larger general gap. The
datapoints are relatively centered and the sim-to-real gap of the best models
is also comparably small. On the Ruralscapes datasets, the sim-to-real gap is,
in general, larger and the datapoints are more distributed across the x-axis.
Also, the slope of the linear regression through all datapoints, as shown by the
turquoise line, is much smaller for the Ruralscapes datasets. There are large
deviations in mloU on the synthetic evaluation dataset but comparably little
deviations in mloU on the real-world one.

For the specific use-cases considered in this work, the larger sim-to-real gap for
the Ruralscapes dataset is probably caused by the fact that the synthetic training
and evaluation datasets are disjoint but drawn from the same distribution.
Because of that, the performance on the synthetic evaluation dataset is high,
resulting in a high sim-to-real gap. For the KITTI dataset, however, the synthetic
evaluation dataset is from a scene that is not in the training dataset and
looks considerably different. As a result, the performance on the synthetic
evaluation dataset is lower and, consequently, so is the sim-to-real gap. For
the drogue detection dataset, there are no exact image pairs but the data
generation process was designed to result in images that are visually similar to
the real-world images and cover the whole range of possible drogue position.
Furthermore, because of the visually simple situation, there are less general
appearance and content differences possible, resulting in a low gap.

The best overall object detection model on the drogue detection dataset in
terms of real-world mAP is a Faster R-CNN with either a ResNet-50 or a ResNet-
101 backbone, achieving an mAP of 90.7% on the synthetic and an mAP of
80.9% on the real-world evaluation dataset. Because of their same numerical
performance, both models are displayed exactly on top of each other in Fig. 4.1.
Furthermore, there is a visible separation between the worst performing models
and the rest. These low performing models seem to have failed to converge
during training or do not produce meaningful results, indicating a failure to
learn effective features under the specific hyperparameter configurations. As
they are not relevant for practical applications and would typically be filtered
out in real-world training scenarios, these models with an mAP of less than
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30% on the synthetic evaluation dataset are not displayed in the following
figures to improve their visual clarity and focus on the parts relevant for the
considered research question.

On the Ruralscapes dataset, the best real-world model also uses a ResNet-50
backbone, integrated into an UPerNet architecture. It achieves an mloU of
77.2% on the synthetic and an mloU of 46.2% on the real-world dataset. The
model with the best real-world performance on the KITTI dataset is an UPerNet
with a Swin-B backbone, achieving an mloU of 66.8% on the synthetic and an
mloU of 58% on the real-world dataset.

4.3.2 Influence of the Backbone

Object Detection

To investigate the influence of the backbone on the sim-to-real generalization
of object detection models, a Faster R-CNN architecture is trained with var-
ious backbones. The performance of these models is presented in Fig. 4.3,
which demonstrates that the backbone significantly impacts the generalization
capability of the models.

In general, the models with a ResNet backbone are able to achieve the best per-
formance on real-world images. In contrast, the models with a VGG backbone
have a significantly lower performance. This is especially true for the models
with a high performance on the synthetic images. Since their performance
on the synthetic images does not deviate that much from that of the ResNet
models, they also have a much bigger sim-to-real gap. The MobileNets lie
between the ResNets and the VGGs in their performance on real-world images.
However, they seem to have the best generalization capability as they often
outperform all other models with the same performance on synthetic images
in their performance on real-world images. Notably, the MobileNets also have
the smallest number of trainable weights of the considered models, whose
influence on the generalization is further discussed in Section 4.3.3.
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Figure 4.3: Performance of the Faster R-CNN object detection models
with various backbones on the evaluation datasets. Pink:
Identity line. Turquoise: Linear regression through all dat-
apoints. Bold edges: Best model variation with respect to
real-world mAP for each backbone. First published in [90]

In Fig. 4.3, the marker for the model with the highest performance on the real-
world dataset for each backbone is shown with bold edges. The corresponding
values are given in Table 4.3. When looking at these best performing models,
it can be seen that the best ResNet models have a similar performance that
deviates by only 1.8 pp on the real-world images and by 5.3 pp in sim-to-real
gap. When not considering ResNeXt-50 (32x4d), the deviation is reduced even
further to just 0.9 pp in performance on the real-world images and 2 pp in
sim-to-real gap. With their performance, the ResNets outperform all other
models on the real-world images.

The ResNets are followed by the best model variation with a MobileNet back-
bone in terms of real-world performance. While the model is not able to reach
a performance as high as the ResNet-based one by performing 3.7 pp lower
on the real-world images, it has a sim-to-real gap of only 0.7 pp. This is by
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Table 4.3: Performance of the Faster R-CNN object detection model varia-
tions that perform best on the real-world evaluation dataset
for each backbone. Sim-to-real gap (mAP Diff) in percent
points, mAP in percent. Best value for each column in bold,
worst in italic

Learning Weight mAP mAP mAP

EEckbors ORI, Rate Decay Sim Real Diff
ResNet-101 SGD 1.0e-03 S5e-4 90.7 80.9 9.8
ResNet-50 Adam 1.0e-04 0 90.7 80.9 9.8
Wide ResNet-50-2 Adam 1.0e-04 0 922 804 118
ResNet-34 Adam 1.0e-04 0 914 800 114
ResNeXt-50 (32x4d)  SGD 1.0e-02 5e-4 856 79.1 6.5
MobileNetV3-L Adam 1.0e-05 0 779 772 0.7
VGG-19 Adam 1.0e-04 0 870 726 144
VGG-13 SGD 1.0e-02 0 795 717 7.8
VGG-16 Adam 1.0e-05 0 885 705 180

far the lowest sim-to-real gap of the best performing models. Notably, the
MobileNet has by far the smallest number of trainable weights compared to
the other investigated models. At the same time, however, this may also be
the reason why the model has the worst performance on the synthetic images
as the smaller number of trainable weights usually leads to a smaller model
capacity.

The worst performances on the real-world images come from the models with
a VGG backbone. Their performance on the real-world images is 8.3 to 10.4 pp
worse than the performance of the best performing model. The models with
the VGG-16 and VGG-19 backbone also have the highest sim-to-real gaps
with values of 18.0 pp and 14.4 pp, respectively. It should be noted that
VGG models are also the oldest backbones considered in this work with many
improved networks building on them as presented in Section 2.3. Only the
model with the smallest VGG-13 backbone has a sim-to-real gap comparable
to the ResNets. This model size influence is further discussed in Section 4.3.3.
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Semantic Segmentation

To investigate the influence of the backbone on the sim-to-real generalization of
semantic segmentation models, an UPerNet architecture is trained with various
backbones. The performance of these trained models is presented in Fig. 4.4.
Consistent with the results for the object detection models, the backbone has
a significant influence on the generalization capability of the models on both
datasets.

Among all trained models, those with a ResNet backbone seem to regularly have
a strong real-world performance and a smaller sim-to-real gap than the other
models as they frequently outperform the models with a similar performance
on synthetic images in their performance on real-world images. Although they
do not achieve an overall real-world performance as high as, e.g., Swin-based
models on the KITTI dataset, they stand out on the Ruralscapes dataset. This
trend is also confirmed again in Section 4.3.5.

When investigating the transformer models, the Swin transformer often yields
the best results of the considered transformers on both real-world evaluation
datasets. While the performance of most model variations on the real-world
datasets is spread, the performance of the DeiT transformers on the synthetic
as well as the real-world data is usually relatively low. Also, its generalization
capability is relatively low, especially on the Ruralscapes data where the DeiT
models often perform worse on the real-world data than all other models
with a similar performance on the synthetic data. As explained in Section 2.3,
DeiT was one of the first vision transformers and was further build upon and
improved by later transformer models, as can be seen in the results.

In Fig. 4.4, the marker for the model variation with the best result on the real-
world dataset for each backbone is shown with bold edges. The corresponding
values are given in Table 4.4. They again underline that the backbone has
a significant influence on the sim-to-real gap. It varies between 3.6 and
18.7 pp on the KITTI dataset and between 19.2 and 47.0 pp on the Ruralscapes
dataset.
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Figure 4.4: Performance of the UPerNet semantic segmentation models
with various backbones on the evaluation datasets. Pink:
Identity line. Turquoise: Linear regression through all dat-
apoints. Bold edges: Best model variation with respect to
real-world mloU for each backbone. First published in [91]
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When investigating these best models in terms of absolute performance, the
Swin transformer gives the highest mloU on the real-world KITTI dataset, but
the models with the CNN-based backbones, ResNet and ConvNeXt, have only a
slightly lower performance. Especially when comparing Swin-S and ConvNeXt-S,
which have a similar number of trainable weights, their performance on the
real-world KITTI dataset deviates by only 1.2 pp. On the Ruralscapes real-world
evaluation dataset, the CNN-based ResNet-50 backbone gives the best results
and outperforms modern state-of-the-art transformers like Swin by 7 pp. The
second-best model is also from the ResNet family.

In general, this demonstrates that there are no clear indications for the hypoth-

Table 4.4: Performance of the UPerNet semantic segmentation model
variations that perform best on the real-world evaluation
dataset for each backbone. Sim-to-real gap (mloU Diff) in
percent points, mloU in percent. Best value for each column in
bold, worst in italic

(a) KITTI dataset
Learning Weight mloU mioU mioU

Backbone Optimizer

Rate Decay Sim  Real Diff
Swin-B SGD le-2 5e-4 66.8 58.0 8.8
Swin-S SGD le-2 S5e-4 67.0 57.5 9.5
ConvNeXt-S  SGD le-2 S5e-4 63.4 56.3 7.1
ResNet-101  SGD le-3 0 58.1 54.5 3.6
Tw-SVT-S SGD le-2 0 61.6 54.4 7.2
ResNet-50 SGD le-2 S5e-4 58.4 54.3 4.1
Tw-SVT-B SGD le-2 5e-4 61.3 53.9 7.4
Swin-T SGD le-2 0 58.0 53.1 49
Tw-PCPVT-B  SGD le-2 5e-4 60.8 50.8 10.0
ConvNeXt-B Adam 1e-3 0 65.9 50.8 15.1
Tw-PCPVT-L  SGD le-2 S5e-4 58.9 48.8 10.1
ConvNeXt-T  Adam 1e-3 0 65.1 46.3 18.7
Tw-PCPVT-S  SGD le-2 0 53.5 40.6 12.9
DeiT-B MLN  AdamW 1e-3 le-2 41.6 30.8 10.8

Deil-SMLN ~ SGD le-4 0 354 28.2 7.2
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(b) Ruralscapes dataset
Learning Weight mloU mloU mioU

Backbone Optimizer

Rate Decay Sim  Real Diff
ResNet-50 SGD le-2 S5e-4 77.2 46.2 31.0
ResNet-101 SGD le-2 S5e-4 77.9 44.6 33.3
Swin-B SGD le-2 S5e-4 68.2 39.2 29.0
Swin-S SGD le-2 5e-4 59.2 38.2 211
ConvNeXt-B Adam 1e-3 0 79.3 37.9 414
ConvNeXt-S  AdamW 1e-3 le-2 80.8 37.7 431
Tw-SVT-S SGD le-2 S5e-4 56.7 37.5 19.2
ConvNeXt-T  AdamW 1e-3 le-2 78.4 37.3 41.1
Swin-T SGD le-2 S5e-4 67.3 35.6 31.6
Tw-SVT-B AdamW 1e-3 1e-2 82.0 35.1 47.0
Tw-PCPVT-L  SGD le-2 0 58.2 34.9 23.3
Tw-PCPVT-B  SGD le-2 0 63.9 34.4 29.5
Tw-PCPVT-S  Adam 1e-3 0 71.9 33.9 38.0
DeiT-S MLN  Nadam 2e-3 0 68.5 31.8 36.7
DeiT-B MLN  Adam 1e-3 0 58.8 30.6 28.2

esis that transformer-based models outperform CNN-based ones in sim-to-real
generalization despite their observed shape-bias combined with the realistic
representation of shape in game engines as discussed in Section 1.2. A po-
tential explanation could be rooted in the relatively small size of the synthetic
datasets as transformers usually have a strong dependence on large datasets
and struggle to outperform CNNs on smaller ones, possibly because of their
inherent lack of inductive bias [178, 179].

Overall, the experiments demonstrate that the backbone significantly influences
the sim-to-real generalization of semantic segmentation models. Furthermore,
there is no clear indication that newer models or transformer architectures
substantially improve in their sim-to-real capability compared to traditional
CNN-based backbones like ResNet.



4 Deep Learning Model Influences on the Sim-to-Real Generalization 101

4.3.3 Influence of the Number of Trainable Weights

Object Detection

The various backbones of the ResNet family enable an investigation of the
influence of the number of trainable weights and their structural organization
on their sim-to-real generalization. Fig. 4.5a presents the performance of the
different ResNet backbones. It displays a subset of Fig. 4.3 for a less cluttered
visualization. The ResNet models exhibit a similar, linear-like behavior in terms
of real-world performance and sim-to-real gap, with only a few exceptions for
some models with seemingly suboptimal training hyperparameters. Especially
the performance of the best models as highlighted by the bold edges is very
similar and deviates only marginally on the real-world images.

These results demonstrate that increasing the number of trainable weights
does not necessarily lead to a better sim-to-real generalization for the ResNet
models. For example, the increase of trainable weights in the Wide ResNet-50-2
backbone by widening the layers does not yield significant improvements in
real-world performance or sim-to-real gap. While the best performing model
with a Wide ResNet-50-2 achieves the highest performance on the synthetic
images, its performance on the real-world images does not improve compared
to ResNet-50.

Similarly, increasing the number of layers, as seen in ResNet-34, -50, and -101,
also does not lead to significant improvements. The contrary seems to be the
case as ResNet-101 even seems to be more sensitive to training hyperparameters
resulting in some models with a low real-world performance and a large sim-
to-real gap as seen in the bottom half of Fig. 4.5a. Notably, the models
with ResNet-50 and ResNet-101 backbones often exhibit similar performance
despite ResNet-101 having more than twice the number of layers and more
than 20,000 additional trainable weights. The residual connections enable
the training of this deep network but also allow the gradient to skip multiple
layers during training. It may therefore be possible that the capabilities of the
ResNet-101 are either not needed or not yet fully exploited although care was
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Figure 4.5: Performance of the Faster R-CNN object detection models
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taken to minimize the latter issue by utilizing a diverse set of hyperparameters.
Nevertheless, this is in line with the common problem that deeper machine
learning models are usually harder to train than shallow ones.

The introduced cardinality dimension of the ResNeXt model also does not show
clear signs of improving the sim-to-real generalization. Most of the trained
models are in proximity of the other models with ResNet backbones. While
its sim-to-real gap is the lowest of the best performing models with ResNet
backbones in Table 4.3, its overall performance on the real-world images is
slightly worse.

The VGG backbones allow further investigations into the influence of the
backbone depth on the sim-to-real generalization, as it is the main characteristic
they differ in. Fig. 4.5b presents the performance of the different models with
VGG backbones. Again, it displays a subset of Fig. 4.3 for a less cluttered
visualization. Unlike the relatively linear slope of the ResNet models, the slope
of the models with VGG backbones seems to be closer to a logarithmic function,
where the sim-to-real gap gets much worse when performance on the synthetic
images increases. The slope of the linear regression is also much smaller with
0.61 compared to 0.87 as shown in Fig. 4.5.

Comparing VGG models with a similar performance on synthetic images reveals
that VGG-13 usually exhibits better real-world performance than VGG-16
and VGG-19, i.e., that it has a lower sim-to-real gap. Interestingly, the best
models with VGG-13 and VGG-19 backbones differ only slightly in real-world
performance (0.9 pp) but significantly in performance on synthetic images
(7.5 pp), resulting in a larger sim-to-real gap, as shown in Table 4.3. This
suggests that the VGG-13 backbone, with its fewer trainable weights, may
learn more robust representations that are less prone to overfitting with respect
to sim-to-real generalization. However, increasing the number of layers, and
consequently trainable weights, further from VGG-16 to VGG-19 does not
exhibit further degradation.

The performance of the MobileNet models further underscores that larger
models are not necessarily better at generalizing from synthetic to real-world
data. The MobileNets have by far the smallest number of trainable weights
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but often a very small sim-to-real gap. At the same time, they have only a
slightly lower real-world performance than the other models. This may be the
downside of the smaller number of trainable weights which usually results in
a lower model capacity. For some MobileNet variations, the sim-to-real gap
is even negative while having a real-world performance higher than the best
VGG models.

Semantic Segmentation

The findings from the object detection models, which demonstrated that deeper
ResNets are not necessarily better at generalizing from synthetic to real-world
images, can be confirmed for the investigated semantic segmentation models.
While the best ResNet-50 and ResNet-101 variations exhibit an almost identical
performance that deviates by only 0.2 pp on the KITTI real-world evaluation
dataset, the best ResNet-50 variation outperforms the best ResNet-101 variation
by 1.6 pp on the Ruralscapes real-world evaluation dataset as presented in
Table 4.4.

In contrast, model size appears to play a significant role in the capability of
Swin transformers to generalize to real-world images. The largest Swin model,
Swin-B, performs best on both real-world evaluation datasets, followed by the
second-largest model, Swin-S, which performs relatively similarly but slightly
worse. The smallest model, Swin-T, lags behind on the real-world evaluation
datasets by multiple percentage points.

For the other models, the influence of the model size seems quite mixed.
ConvNeXt and Twins-PCPVT do not exhibit a clear advantage between their
two largest models, but their smallest variants perform worst on the real-world
images. This is particularly evident on KITTI, where a noticeable gap exists
(56.3 and 50.8 compared to 46.3 for ConvNeXt, and 50.8 and 48.8 compared
to 40.6 for Twins-PCPVT). However, for Twins-SVT, the smaller model variant
outperforms its larger counterpart on real-world images, albeit by only a small
margin of 0.5 pp on KITTI. For DeiT, both models variants perform poorly
compared to other models on both datasets.



4 Deep Learning Model Influences on the Sim-to-Real Generalization 105

Overall, the findings from the object detection models that larger models do
not necessarily possess a better sim-to-real generalization capability can be con-
firmed for ResNet backbones. However, the conclusion cannot be generalized
to all models, as for the task of semantic segmentation, Swin transformers
demonstrate improved sim-to-real generalization with increasing model size.
Furthermore, many smaller model variants exhibit worse generalization per-
formance compared to their larger counterparts. A possible explanation for
this discrepancy is that the given semantic segmentation tasks are much more
complex compared to the detection of a drogue in front of a simple background
and may require models with greater capacity to achieve good performance.
It may be the case that there exists a specific capacity threshold above which
the models will tend to overfit again, leading to worse performance on the
real-world images or a larger sim-to-real gap. However, this could not be shown
in these experiments.

4.3.4 Influence of the Optimizer

Although not the primary focus of the investigation, and not part of the model
itself but of the training process, the choice of hyperparameters allows a brief
examination of the influence of the optimizer utilized during training on the
sim-to-real generalization.

The results indicate that Adam and its variants are not bad for sim-to-real
generalization, as most of the best-performing object detection model variations
on the real-world evaluation dataset employ Adam as the optimizer, as shown
in Table 4.3. However, it is noteworthy that the three models trained using SGD
exhibit a sim-to-real gap of less than 10 pp. For the semantic segmentation
model variations in Table 4.4, the nine best-performing models on the KITTI
dataset and the four best-performing models on the Ruralscapes dataset all
utilize SGD as the optimizer. With respect to sim-to-real gap, the eleven models
with the lowest sim-to-real gap on KITTI and the three models with the lowest
on Ruralscapes also use SGD. Furthermore, the models with the two largest
sim-to-real gaps on KITTl and the four largest on Ruralscapes employ Adam or
AdamW, suggesting potential overfitting to the synthetic data. These findings
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seem to be further supported by the literature, which indicates that Adam can
lead to increased overfitting compared to SGD [176, 180].

In conclusion, while the Adam-based optimizers do not necessarily result in
models with low real-world performance, SGD appears to produce models with
lower sim-to-real gaps and strong real-world performance. Therefore, SGD
seems to be the preferred choice among the evaluated optimizers for training
models with the goal of sim-to-real generalization.

4.3.5 Influence of the Architecture

Object Detection

To investigate the influence of the object detection architecture on the sim-
to-real generalization, various architectures with a ResNet-50 backbone are
trained and evaluated according to the setup presented in Section 4.2. The
performance of the trained variations is shown in Fig. 4.6.

The experiments demonstrate that SSD with ResNet-50 exhibits relatively low
performance on both synthetic and real-world images. However, the sim-
to-real gap is also relatively small for most of these models. Following the
general trend, the gap significantly increases again when investigating the
best-performing SSD model. FCOS with ResNet-50 appears to be sensitive
to training hyperparameters, resulting in comparably low performance on
both synthetic and real-world images for some hyperparameter settings. In
contrast to SSD models, the sim-to-real gap is significantly higher for these
models. Nevertheless, when training hyperparameters are well-suited, FCOS
models achieve good performance on synthetic images with a sim-to-real gap
comparable to the best models. Faster R-CNN and RetinaNet exhibit similar
behavior, with Faster R-CNN typically showing slightly higher performance on
the real-world dataset. Their sim-to-real gap follows the general trend.

As a result, in scenarios where it is not possible to compare multiple training
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Figure 4.6: Performance of the object detection architectures with
ResNet-50 backbone on the evaluation datasets. Pink: Iden-
tity line. Turquoise: Linear regression through all datapoints.
Bold edges: Best model variation with respect to real-world
mloU for each architecture backbone combination

hyperparameters, FCOS may not be the recommended object detection ar-
chitecture. In such cases, Faster R-CNN appears to be a better choice, as it
generally yields models with relatively high real-world performance and a low
sim-to-real gap.

In Fig. 4.6, the marker for the model variation with the best result on the real-
world evaluation dataset for each architecture is shown with bold edges. The
corresponding values are given in Table 4.5. They highlight that the architecture
has an influence on the overall performance of the model with a deviation of
more than 15 pp. However, this large bandwidth is mainly caused by the SSD
architecture. When excluding it, the deviation of the other three architectures
is only 3.7 pp. The sim-to-real gap is also relatively consistent across these
models, varying only between 6.6 and 10.1 pp, resulting in a deviation of
3.5 pp. This deviation is much smaller than the deviation observed for the
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Table 4.5: Performance of the object detection model variations with
ResNet-50 backbone that perform best on the real-world eval-
uation dataset for each architecture. Sim-to-real gap (mAP
Diff) in percent points, mAP in percent. Best value for each
column in bold, worst in italic

Learning Weight mAP mAP mAP

Architecture Optimizer

Rate Decay Sim Real Diff
Faster R-CNN  Adam 1.0e-04 0 90.7 80.9 9.8
FCOS Adam 1.0e-04 0 883 782 10.1
RetinaNet Adam 1.0e-05 0 83.8 77.2 6.6
SSD Adam 1.0e-04 0 74.1 64.9 9.2

different backbones in Table 4.3 of 17.3 pp (0.7 to 18.0 pp).

In conclusion, the object detection architecture has an impact on the overall
real-world performance of the object detection model, although the difference
is relatively small for most architectures. While the object detection architecture
influences the sim-to-real gap when training hyperparameters are not optimal,
its impact appears to be limited when hyperparameters are chosen appropriately.
Consequently, the object detection backbone generally has a much larger effect
on the sim-to-real generalization.

Additionally, while two-stage detection architectures often outperform one-
stage detection architectures, as also observed in these experiments, the two-
stage Faster R-CNN does not demonstrate clear advantages in terms of sim-to-
real generalization.

Semantic Segmentation

To investigate the influence of the semantic segmentation architecture on
the sim-to-real generalization, various architectures with the same backbone
are trained and evaluated according to the setup presented in Section 4.2.
To further improve generalization and achieve a broader investigation, the
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Figure 4.7: Performance of the semantic segmentation architectures with
various backbones on the evaluation datasets. Pink: Identity
line. Turquoise: Linear regression through all datapoints. Bold
edges: Best model variation with respect to real-world mloU
for each architecture backbone combination
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Figure 4.7: (Cont.) Performance of the semantic segmentation archi-
tectures with various backbones on the evaluation datasets.
Pink: Identity line. Turquoise: Linear regression through all
datapoints. Bold edges: Best model variation with respect to
real-world mloU for each architecture backbone combination



4 Deep Learning Model Influences on the Sim-to-Real Generalization 111

60

Backbone Architecture
+ MobileNetv2 * DeeplLabV3
* DeeplLabV3+
» FCN
50 * PSPNet
: |
_I . A
8 A‘ N -
o r A A
: A
2307 A |
1S
A
20
f(X)=x
f(x)=0.2x+26.66
10

20 30 40 50 60 70 80
mloU Simulation

(e) MobileNetV2 backbone on KITTI dataset

60 .
Backbone Architecture
4 MobileNetvV2 = DeepLabV3
* DeeplLabV3+
* FCN
50 # PSPNet
S
S
; 40 A,
_r;) A 4 A
a4
[J) A 7'y A
o W A
% 30 4 ~
= &
€ A N
A
20 A
# A
f(x)=x
f(x)=0.31x+12.16
10

20 30 40 50 60 70 80
mloU Simulation

(f) MobileNetV2 backbone on Ruralscapes dataset

Figure 4.7: (Cont.) Performance of the semantic segmentation archi-
tectures with various backbones on the evaluation datasets.
Pink: Identity line. Turquoise: Linear regression through all
datapoints. Bold edges: Best model variation with respect to
real-world mloU for each architecture backbone combination
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considered architectures are also evaluated with various backbones as shown
in Table 4.2. The performance of all trained variations is shown in Fig. 4.7.

The experiments show no clear trends emerging across all architectures and
datasets, confirming the observation from the object detection models that
the architecture has a relatively minor influence on sim-to-real generalization
compared to the backbone. However, some architecture-backbone combi-
nations appear to perform slightly worse than others, although the effect is
marginal. For instance, PSPNet-MobileNetV2 tends to be at the lower end of
real-world performance, while FCN-MobileNetV2 is more at the upper end.
Nevertheless, these influences are significantly smaller than those observed for
different backbones.

In Fig. 4.7, the marker for the model variation with the best result on the real-
world datasets for each architecture-backbone combination is shown with bold
edges. The corresponding values are given in Table 4.6. Similar to the object
detection architectures, the variation of the mloU on the real-world images is
much smaller when using different architectures compared to using different
backbones. Except from the DeeplLabV3 with ResNeSt-101 on KITTI and the
DeeplabV3+ with ResNet-50 on Ruralscapes, the real-world mloU deviates by
less than 5.6 pp, which is less than for the different backbones in Table 4.4.
Even when including the two outliers, the deviation is smaller.

The sim-to-real gap varies by 6.6 pp for ResNet-50, 8.1 pp for MobileNetV2,
and 8.6 pp for ResNeSt-101 on the KITTI dataset. On the Ruralscapes dataset,
it varies by 13.4 pp for ResNet-50, by 4.1 pp for MobileNetV2, and by 7.8 pp
for ResNeSt-101. Compared to the range of sim-to-real gap for the different
backbones used in the UPerNet architecture in Table 4.4, where the gap varied
by 15.1 pp on the KITTI dataset and by 27.8 pp on the Ruralscapes dataset, the
range of the gap is also much smaller.

Overall, the findings for the object detection models, that the architecture has
a smaller influence on the sim-to-real generalization than the backbone, can
be generalized to semantic segmentation. For both tasks, some architectures
may occasionally lead to a worse overall performance than others. Therefore,
selecting a suitable architecture for the task at hand should not be overlooked.
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Table 4.6: Performance of the semantic segmentation model variations

that perform best on the real-world evaluation dataset for
each architecture backbone combination. Sim-to-real gap
(mloU Diff) in percent points, mloU in percent. Best value
for each column in bold, worst in italic

(a) KITTI dataset

Architecture  Optimizer Learning Weight miloU mioU mioU

Rate Decay Sim Real Diff
o PSPNet SGD Te-2 0 59.2 50.9 84
+ DeeplabV3+ SGD le-2 5e-4 64.1 49.7 14.4
g FCN SGD Te-2 Se-4 632 493 139
*  DeeplabV3 SGD Te-2 S5e-4 61.7 46.7 15.0
%‘ DeeplabV3 Nadam 2e-3 0 60.3 454 15.0
2 FCN SGD le-2 5e-4 56.0 43.6 12.4
=  PSPNet Nadam 2e-3 0 60.2 43.1 17.1
§ DeeplLabV3+  Adam 1e-3 0 62.1 41.6 20.5
S DeeplabV3+  SGD le-2 0 59.6 54.7 4.9
= FCN SGD Te-2 0 60.2 51.0 9.2
% PSPNet SGD Te-2 0 55.6 49.1 6.5
& DeeplabV3 AdamW 1e-3 le-2 54.4 40.9 13.5
(b) Ruralscapes dataset
. . Learning Weight miloU mioU mioU
Architecture Optimizer Rate Decay Sim Real Diff
o FCN SGD Te-2 Se-4 76.5 48.5 28.0
+  PSPNet SGD le-2 5e-4 77.5 46.9 30.7
% DeeplabV3 SGD Te-2 S5e-4 79.9 43.4 36.5
“  DeeplabVv3+  Adamw 1e-3 le-2 80.6 39.1 41.4
S Deeplabv3 AdamW Te-3 Te-2 78.2 39.3 38.8
2 FCN Adam Te-3 0 80.7 38.9 419
= DeeplabV3+ SGD le-2 Se-4 80.3 374 429
§ PSPNet Nadam 2e-3 0 /5.7 354 40.3
S DeeplabV3 Adam 1e-3 0 80.0 36.4 43.6
& DeeplabV3+  AdamW 1e-3 le-2 80.9 35.9 45.0
% FCN AdamW 1e-3 le-2 79.7 34.3 454
& PSPNet AdamW 1e-3 le-2 70.4 32.8 37.6
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However, its influence on the generalization is much smaller and can mostly be
neglected compared to the influence of the backbone.

Notably, as already found in Section 4.3.2, Fig. 4.7 appears to confirm again
that ResNets are effective at generalizing to real-world images, particularly
on the Ruralscapes dataset, where two smaller clusters are visible above the
general trend.

4.4 Summary

This chapter addresses Research Question 2 from Section 1.3 and reveals that
deep learning models differ significantly in their ability to generalize from
synthetic to real-world images. The general trend is that the better a model
performs on the synthetic images, the better it performs on the real-world
images. However, the sim-to-real gap also increases, as the performance
improvement on the real-world images is lower than that on the synthetic
images. Although seldom, the sim-to-real gap can also be negative, i.e., a
model performs better on real-world images than on synthetic images, even
though it was trained on synthetic data.

The backbone is found to have a significant influence on the sim-to-real gen-
eralization of deep learning models. In contrast, while the architecture has
influence on the overall real-world performance, its influence on the generaliza-
tion is much smaller and can mostly be neglected compared to the backbone.
When considering the model variations with the most suitable training hyper-
parameters in terms of real-world performance, the sim-to-real gap differed
across various backbones by 17.3 pp for the drogue detection models, and
by 15.1 pp and 27.8 pp for the automotive and low-altitude UAS semantic
segmentation models, respectively. In contrast, across various architectures, the
sim-to-real gap only differed by 3.5 pp, 8.6 pp, and 13.4 pp, respectively.

Although many new deep learning models are developed each year, the experi-
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ments demonstrate that they do not necessarily improve in terms of sim-to-real
generalization capability. In the object detection and the UAS semantic seg-
mentation use-cases, models with a ResNet backbone yield the best results
on the real-world evaluation datasets. In the autonomous driving semantic
segmentation use-case, ResNet-based models achieve the second-best results.
Notably, while ResNets were already developed in 2015. In general, ResNets
seem to have strong generalization capabilities.

Furthermore, there is no clear indication that transformer backbones substan-
tially improve overall sim-to-real generalization compared to CNN-based back-
bones like ResNet. Although transformers seem promising due to their shape-
bias [70, 71] and the realistic representation of shape in game engines [30],
the experiments do not confirm this assumption unconditionally. However,
transformers do show the best overall performance on the real-world evalua-
tion datasets in certain scenarios, such as the autonomous driving dataset and
in [62]. As explained in Section 4.3.3, transformers should be considered for
training on synthetic images, especially for large training datasets.

Regarding model size, the results suggest that larger models are not necessarily
better at generalizing from synthetic images to real-world ones for visually
simple tasks, such as drogue detection in front of a simple background. For this
task, the model with the fewest weights, a MobileNetV3 [115], often exhibits
the smallest sim-to-real gap and only slightly lower real-world performance
than the best models. It can be assumed that this result translates to tasks with
a similar visual simplicity, such as object detection on a conveyor. However,
more complex tasks, such as the considered semantic segmentation use-cases,
may require larger models as the performance of the Swin transformer declines
on real-world semantic segmentation images when smaller model variants are
used. Furthermore, the smaller variants of many of the other considered models
are outperformed by larger ones. It is argued that these tasks require models
with a greater capacity to achieve good performance and that a threshold
may exist above which the models will tend to overfit again, leading to worse
performance on the real-world images or a larger sim-to-real gap.

Although not the primary focus of the investigation, the SGD optimizer appears
to be a preferable choice during training, often resulting in models with a
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smaller sim-to-real gap and strong real-world performance in the conducted
experiments.

Overall, this chapter provides a novel perspective on the sim-to-real generaliza-
tion of deep learning models. It fills a significant gap in the literature, offers
practical insights for deep learning model selection and training on synthetic
data, and opens up new avenues for future research.



5 Image Augmentation
Influences on the
Sim-to-Real Generalization

5.1 Methodology

This section presents the methodology for investigating Research Question 3,
which explores the potential of image augmentation techniques to improve the
sim-to-real generalization of deep learning models. The influence of various
image augmentation techniques is studied on multiple deep learning models,
perception tasks, and datasets. This broad investigation aims to increase the
generalizability of the results to other domains and to provide actionable insights
for practical applications.

Previous research has demonstrated that basic image augmentations can im-
prove performance when using real-world datasets [85, 86] as well as enhance
robustness to real-world distribution shifts [87]. However, the extent to which
image augmentations can reduce the effects of a shift from synthetic to real-
world images, and which augmentations are most beneficial for sim-to-real
generalization, remains unknown. Investigating the most beneficial augmen-
tations can also provide insights into the shortcomings of synthetic images
and the differences to real-world images that are relevant for deep learning
models. Using image augmentations has the advantage that current state-
of-the-art visual simulation environments can be used and that only image

117
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post-processing techniques have to be applied during the training of the model.
Nevertheless, such insights might also benefit the future development of better
visual simulation environments.

The following approach is used to investigate the influence of different image
augmentation techniques on the sim-to-real generalization of deep learning
models. First, baseline models are trained on the synthetic training datasets
without the use of image augmentations. Afterwards, the models are trained
on the same synthetic training datasets but in combination with various image
augmentation techniques. After training, the models are evaluated on the
real-world evaluation datasets corresponding to the synthetic training data.
As this research investigates the generalization to real-world images, real-
world validation datasets are used to make sure that the model that performs
best on real-world images is selected for evaluation. As real-world use-cases
are ultimately interested in the best real-world performance of a model, this
approach has more practical relevance than using synthetic validation datasets.
However, it is important to note that the real-world validation datasets do not
influence the training itself and that the weights of the final models are trained
exclusively using synthetic images. All models are trained three times and the
best-performing training run is selected for further evaluation.

To measure the influence d, of the image augmentation a on the sim-to-real
generalization of the model m, the performance e(m,) of the model m, trained
with augmentation a is related to the performance e(m,) of the baseline
model my, using
e(ma) - e(mb)

e(ms)
It quantifies the relative improvement of the model trained with augmentations
compared to the baseline model.

d, =

To enhance the generalizability of the results, this work considers multiple
datasets and perception tasks, including object detection and semantic seg-
mentation. Both tasks use different evaluation metrics. This work employs mAP
for object detection (cf. Section 2.1.1) and mloU for semantic segmentation (cf.
Section 2.1.2). As it is clear from the context which evaluation metric is used,
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no explicit differentiation is made in the remainder of this chapter.

To further enhance the generalizability of the results, this work considers multi-
ple deep learning models. Similar to Chapter 4, and for the same reasons, the
backbones of the investigated object detection models come with initial weights
pre-trained on the ImageNet dataset [173] and the semantic segmentation
models on the ADE20K dataset [174].

Overall, following 25 pixel-level augmentations are investigated in this work:
AdvancedBlur, Blur, CLAHE, Colorlitter, Defocus, Downscale, Emboss, Equalize,
FancyPCA, GaussNoise, GaussianBlur, GlassBlur, HueSaturationValue, ISONoise,
MedianBlur, MotionBlur, RGBShift, RandomBrightnessContr, RandomGamma,
RandomToneCurve, RingingOvershoot, Sharpen, ToSepia, UnsharpMask, and
ZoomBlur. To apply these augmentations during training, their implementation
from the Albumentation library [85] is used. Each augmentation is applied with
its standard parameters, which include a probability of application of 50% per
image for each augmentation. The detailed experimental setup is presented in
Section 5.2.

Section 5.3.1 present the results of using single image augmentations. It shows
a positive effect of specific augmentations. Furthermore, Section 5.3.2 expands
the results by giving insights into selected combinations of augmentations. A
first version of the results was published in [92].

5.2 Experimental Setup

To enhance the generalizability of the exploration of the effect of image aug-
mentations on the sim-to-real generalization, multiple deep learning models are
trained and evaluated. For object detection, Faster R-CNN [107] architectures
with VGG-16 [109], ResNet-50 [105] FPN and MobileNetV3-Large [115] FPN
backbones are investigated with their implementation from the Torchvision
library [103]. For semantic segmentation, UPerNet [108] architectures with
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ResNet-50 and ResNet-101 [105] as well as Swin-B, -S and -T [106] back-
bones are investigated with their implementation from the MMSegmentation
library [104]. It should be noted that the UPerNet architecture uses a form of
FPN by default while Faster R-CNN does not. Therefore, the FPN enhancement
of the ResNet-50 backbone integrated into the Faster R-CNN architecture is
explicitly stated, but is not for the ResNet-50 backbone integrated into the
UPerNet architecture. All considered deep learning models, their number of
trainable weights, and the performance of the baseline model on the real-
world evaluation images when trained without augmentations are shown in
Table 5.1.

For object detection, this selection contains a backbone from each of the major
families investigated in Chapter 4. For semantic segmentation, this selection
contains the backbone families that lead to the best results in Chapter 4,
including CNN- as well as transformer-based models. Since Chapter 4 shows
that the backbone has a much larger influence on the sim-to-real generalization
of deep learning models, the investigation focuses on different backbones
rather than different architectures.

Each model is trained with the hyperparameters that led to the best real-world
performance in Chapter 4. While the application of augmentations on the train-
ing data might lead to a different set of optimal hyperparameters, this approach
reduces computational load drastically because of the combinatorial complexity
arising from combining the number of augmentations with the number of
potential hyperparameters. As a result, all object detection models are trained
using Adam optimizer [175]. The models with VGG-16 and MobileNetV3-Large
backbones use a learning rate of 0.00001 and the model with the ResNet-50
backbone a learning rate of 0.0001. All semantic segmentation models are
trained using SGD optimizer with a learning rate of 0.01, momentum of 0.9,
and weight decay of 0.0005.

The models are trained on their respective object detection and semantic
segmentation datasets with the splits presented in Chapter 3 for a maximum
of 200 epochs. The object detection models use a training batch size of 16
and the semantic segmentation models a training batch size of 2 because of
the larger image sizes. Again, to reduce computation during training when
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Table 5.1: List of all investigated models in combination with their num-
ber of trainable weights and their baseline performance on
the respective real-world evaluation dataset when trained
without augmentations

Dataset Architecture Backbone Performance Weights
Ruralscapes  UPerNet ResNet-50 49.5 66M
Ruralscapes  UPerNet ResNet-101 44.6 85M
Ruralscapes  UPerNet Swin-T 35.6 60M
Ruralscapes  UPerNet Swin-S 39.4 81M
Ruralscapes  UPerNet Swin-B 39.2 121M
KITTI UPerNet ResNet-50 543 66M
KITTI UPerNet ResNet-101 52.8 85M
KITTI UPerNet Swin-T 51.2 60M
KITTI UPerNet Swin-S 61.2 81M
KITTI UPerNet Swin-B 58.4 121M
Drogue Faster R-CNN  MobileNetV3-L FPN 76.7 19M
Drogue Faster R-CNN  ResNet-50 FPN 78.1 41M
Drogue Faster R-CNN  VGG-16 52.4 44M

the model has reached a local optimum and does not improve anymore, early
stopping with a patience of 10 is used. The model performing best on the
validation dataset is used for further evaluation.

Overall, 3 object detection models are trained 3 times on 1 dataset and 5 se-
mantic segmentation models are trained 3 times on 2 datasets, each with
25 separate augmentations as well as a baseline without augmentations, re-
sulting in 1014 trained variations. Furthermore, the 3 object detection models
are trained 3 times with 4 combinations of augmentations on the object detec-
tion dataset and the 5 semantic segmentation models are trained 3 times with
5 combinations of augmentations on their 2 datasets, resulting in 186 additional
trained model variations.
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5.3 Results

5.3.1 Influence of Single Augmentations
Semantic Segmentation

The impact of various image augmentation techniques on the sim-to-real gener-
alization is examined by applying each augmentation separately during training
and evaluating its effect on the real-world performance, as described in Sec-
tions 5.1 and 5.2. The results for the semantic segmentation datasets are
presented in Figs. 5.1 and 5.2, with detailed numerical values provided in
Table 5.2. The experiments demonstrate that image augmentations can signifi-
cantly enhance sim-to-real generalization. Even applying a single augmentation
can improve the median performance of the models on both real-world datasets
by over 5%. Some models can even achieve maximum improvements of up to
14.6% on KITTlI and 14% on Ruralscapes using only a single augmentation.

Four augmentations improve the median performance of the trained models
compared to the baseline on both datasets: Colorlitter, RGBShift, HueSatura-
tionValue, and ToSepia. Notably, while only 4 of the 25 augmentations improve
the median performance on both datasets, the augmentations that improve
it the most are similar: The top-3 augmentations on both datasets include
Colorlitter and RGBShift, which alter the colors of the synthetic images. This
finding supports the conclusion from [24], that sim-to-real generalization issues
are largely attributed to the general coloration of synthetic data, and aligns
with [30], which shows that textures in synthetic environments lack realism.

Moreover, the experiments reveal that the transformer-based models also
benefit from applying Colorlitter and RGBShift augmentations. Although
current literature suggests that transformer architectures focus more on shape
rather than on texture [70, 71], color differences appear to have a significant
impact on the sim-to-real generalization for transformers as well.
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Table 5.2: Relative change of performance to the baseline model on the
real-world semantic segmentation evaluation datasets when
applying the specified image augmentations during training.
Values greater than zero in bold. Bottom section gives statis-
tical values. Improvement value counts augmentations with
improvements. Abbreviations: R for ResNet, S for Swin

Ruralscapes KITTI

R-101 R-50 S-B S-S S-T|R-101 R-50 S-B S-S S-T
AdvancedBlur 109 -46 -19-07 03| 7.0 -39 34 14 6.2
Blur -49 -16.4 -82 58 -19| -16 -2.7 3.8 -25 46
CLAHE 140 44 -45-30 2.0 40-132 19 -42 3.8
Colorlitter 78 -39 3.6 48 6.0/ 56 6.0 7.0 25 14.2
Defocus -8.8-21.5-11.8-99 -0.8| -46 -53 -92 -95 3.0
Downscale -55-152 -142 -45 -57| 29 -48 -46 -123 -4.7
Emboss 105 -78 -22-37 48| 18-11.0 -1.1 -54 3.2
Equalize 38 -98 -28 1.013.7, -2.7 -6.0 2.0 -41 0.8
FancyPCA -0.0 -55 -75-20 85| 3.2 -44 65 13 4.0
GaussNoise 45 -38 -35-05 11 3.7 07 13 -53 -74
GaussianBlur -04 -74 -37-53 40| 70 07 40 13 26
GlassBlur -7.5-23.1 94 -79 -3.4|-17.2 -13.8 -4.3 -104 -14.3
HueSaturationValue| 43 23 34-26 79| 79 08 32 14 74
ISONoise 1.2 -128 -44-23 -07| 23 -03 08 -1.1 -2.1
MedianBlur -05-115 -75-48 -00| 75 -99 56 -20 6.0
MotionBlur 68 -16 -2.1-43 -05 35 27 -1.1 14 51
RGBShift 11.6 -10.3 0.9 5.7 13.5| 3.5 -4010.7 3.5 14.6
Rand.Bright.Contr 6.1 -20 -4.1-50 3.1 1.7 18 83 0.8 10.0
RandomGamma 45 63 -53-6.6 -6.0 15 39 38 04 -22
RandomToneCurve 71 -1.8 -48-42 4.2 36 -41 09 -13 0.2
RingingOvershoot 42 -71 -10-17 -0.7 3.2 20 20 -28 438
Sharpen 78 -09 -35-12 75| -14 -76 82 0.8 -39
ToSepia -3.2-11.7 45 50114 88 -31 41 02 22
UnsharpMask 66 6.7 -54-85 82| 83 -82 0.7 -42 2.0
ZoomBlur 82 82 23-09 76| 16 -65 -34-11.3 -2.8
Minimum -8.8 -23.1 -14.2 -99 -6.0| -17.2 -13.8 -9.2 -12.3 -14.3
Maximum 140 44 45 58 13.7| 88 6.010.7 35 146
Median 45 -7.1 -3.7-26 3.1 32 40 20 -1.3 3.0
Mean 32 -7.7 -37-23 34| 21 -36 22 -25 23
Improvement 16.0 2.0 50 5016.0/ 190 8.0 19.0 11.0 18.0
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The experiments further demonstrate that not all augmentations improve the
sim-to-real generalization of the semantic segmentation models but instead
may even deteriorate the median real-world performance of the models. These
augmentations include ISONoise, Emboss, Sharpen, Blur, Downscale, Defocus,
and GlassBlur. The two augmentations that deteriorate the results the most
are the same on both datasets, namely Defocus and GlassBlur. Additionally,
Downscale is among the bottom-4 on both datasets. This seems reasonable as
both datasets do not contain any textured glass through which objects have
to be detected, there are no images out-of-focus, and all images have the
same resolution. Furthermore, the GlassBlur and the Downscale augmentations
produce highly pixelated images that make the synthetic images look more
different to the real-world images and many object classes, especially small
ones, harder to detect and distinguish. The Defocus augmentation has a similar
effect, although not as pronounced. This highlights that while augmentations
may improve the generalization of the models, they have to be reasonable and
reflect the phenomena faced during real-world deployment.

Notably, while some augmentations have a uniform positive or negative impact
on both datasets, others exhibit differing effects between the two semantic
segmentation datasets. For instance, 15 of the 25 augmentations improve
the median performance of the models on the KITTI dataset, whereas only
7 augmentations lead to improvements on the Ruralscapes dataset. This
disparity is primarily caused by the differing effectiveness of blur augmentations.
While performance on KITTI improves with many of the blur augmentations,
such as Median-, Advanced-, Motion-, and GaussianBlur, performance on
Ruralscapes only improves with ZoomBlur. This is likely attributed to variations
in real-world camera settings, resulting in different blur characteristics between
the datasets.

Effects of the Color Augmentations

To further investigate the positive effects of the color augmentations, Tables 5.3
and 5.4 present the performance improvement relative to the baseline for each
annotated class. On the Ruralscapes dataset, the highest performance improve-
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Table 5.3: Per-class loU of each UPerNet semantic segmentation model
on the Ruralscapes dataset when applying the specified im-
age augmentations during training. Difference to baseline in

brackets
(a) ColorlJitter
Building Car Greenery  Person Road Background
ResNet-50 60.7 (-0.2) 22.0 (+0.0) 77.7 (+1.5) 21.2 (-16.8) 26.7 (+1.7) 77.0 (+2.2
ResNet-101 59.0 (-0.1) 22.2 (+51 77.5 (+2.0) 32.6 (+20.4) 18.1 (-8.1) 78.8 (+1.4

) ) ) (+2.2)
) ) ) (+1.4)
Swin-B 58.8(48 2.2(6.0) 77.4(+28 0.0 (+0.0) 28.3 (+7.6) 76.8 (+8.8)
8) ) ) (+8.9)
4.0) ) ) (+9.7)

Swin-S 65.8 (+0.6) 0.0 ( 79.0 +3.6) 0.0 (+0.0) 26.1 (+4.2) 77.2 (+8.9
Swin-T 57.1(¢1.6) 0.0 77.1 (+4.1 0.0 (+0.0) 17.3 (+4.7) 75.2 (+9.7
Mean 60.3 (1.2 9.3(¢21) 77.7 (+2.8) 10.8 (+0.7) 23.3 (+2.0) 77.0 (+6.2)

(b) RGBShift

Building Car Greenery Person Road Background
ResNet-50 60.0(-0.9) 17.2 (-4.8) 76.7 (+0.5) 13.0(-25.0) 23.6 (-1 75.6 (+08
ResNet-101 61.3 (+2.2) 19.9 (+2.8) 77.3 (+1.8) 33.2 (+21.0) 30.6 (+4.4 76.2 (-

9) (+0.5) 4) )
) (+1.8) ) 2)
Swin-B 61.3(23) 0.4(78 769 *23) 0.0(+0.00 25.0(+43) 73.6 (+5 6)
4.2) (+0.0) ) )
) (+2.0) ) -5)

Swin-S 61.0 (- 12.3 (+6.5 75.4 (+0.0) 0.0 (+0.0) 27.8 (+5.9 73.5 (+5.2
Swin-T 62.0 +3.3) 11.8 (+7.8) 75.0 (+2.0) 0.0 (+0.0) 30.0 (+17.4 64.0 (-
Mean 61.1(-04) 12.3(+0.9) 76.3 +1.3) 9.2 (-0.8) 27.4(+6.1) 72.6 (+1.8)

ment when using the Colorlitter augmentation is achieved for the Background
class, which predominantly features the sky, with a mean improvement of
6.2 pp across all models. Notably, the per-class loU of each model exhibits
improvement for this class. The second and third largest improvements are
achieved for the Greenery and Road classes, with enhancements of 2.8 pp
and 2 pp, respectively. Similar to the Background class, not only the median
improves, but all models improve their performance in detecting the Greenery
class. Employing RGBShift results in the same three classes showing the biggest
improvements, albeit in a different order: Road class with 6.2 pp, Background
with 1.7 pp, and Greenery with 1.3 pp. Given the diverse colors present in these
classes, such as the blue of the sky in the Background class, the green tones
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Table 5.4: Per-class loU of each UPerNet semantic segmentation model
on the KITTI dataset when applying the specified image aug-
mentations during training. Difference to baseline in brackets.
Abbreviations: Veg. for Vegetation, Sign for Pole/Sign, R for
ResNet, S for Swin

(a) ColorlJitter

Building Ground Sign Sky Veg. Vehicle Other
R-50 63.3 (+2.1) 72.6 (+13.0) 29.9 (+2.4) 81.4 (+3.7) 74.0 +35 61.5(-1.0) 19.8 (-0.9)
R-101 59.0 +4.7) 69.3(-2.1) 34.8 (+1.1) 71.1(-09) 71.8 (-6.0) 66.4 (+23.8) 18.4 (+0 4)
S-B 66.9 (+6.2) 74.9 (-1.0) 34.4 (+6.4) 79.9 (+0.5 74.9 (+3.1) 74.8 +7.7) 31.1 (+5.5)
S-S 67.2 (+0.8) 75.2 (2.0 31.5 ( 1) 82.0 (+4.6) 75.8 (-1.0) 74.1 (+0.7) 33.0 (+9.7)
S-T  62.9@#105 77.6(+3.2) 21.1(-1.2) 81.3 (+5.9) 74.6 (+8.6) 69.0 (+14.9) 22.8 (+9.1)

Mean 63.9 (+4.9) 73.9 (+2.2) 30.3 (+1.3) 79.1 (+2.8) 74.2 (+1.6) 69.2 (+9.2) 25.0 (+4.8)

(b) RGBShift

Building Ground Sign Sky Veg. Vehicle Other
R-50 55.0(6 702(+106 295(+20 67.9 (9 730(+25 57.4 (5.1 11.7 (-9.
R-101 62.0 (+7.7) 66.5 (- 33.6 (- 76.3 (+4.3) 72.9 (-

S-S 68.7 (+2.3) 78.0 (+0.8) 33.8 (+0.2) 81.2 (+3.8) 77.8 (+1.0) 73.5(+0.1) 30.0 (+6.7
S-T  60.7 +83) 76.7 (+2.3) 30.5 (+8.2) 78.2 (+2.8) 75.1 (+9.1) 68.3 (+14.2) 21.4 (+7.7

Mean 63.1 (+4.1) 73.9 (+2.2) 32.2 (+3.2) 77.2 (+0.9) 75.5 (+2.9) 66.2 (+6.3) 22.5 (+2.2)

) ) 8) ) 0)
4.9) 0.1) ) 4.9) 54.9 (+12.3) 16.5(-1.5)
S-B 69.2 (+85) 78.3(+2.4) 33.7 (+5.7) 82.6 (+3.2) 78.6 (+6.8) 77.0 (+9.9) 32.7 (+7.1)
) ) ) ) )
) ) ) ) )

in Greenery, and the gray shades of the Road class, this suggests that a wide
variety of colors seems to have some relevant mismatch between the synthetic
and the real-world images and that using color augmentation techniques is an
effective way to mitigate its effect.

On the KITTI dataset, both Colorlitter and RGBShift augmentations achieve the
biggest improvements for the Vehicle class, with gains of 9.2 pp and 6.3 pp,
respectively. As the cars in the real-world dataset come in many different
colors, it is reasonable to assume that the augmentations may improve the
representation of cars in general and not specific for sim-to-real generalization.
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(a) Colorlitter (b) RGBShift

(c) Without Augmentations

Figure 5.3: Visualization of an exemplary effect of applying Colorlitter
and RGBShift augmentations on a synthetic image. Image
without augmentations from [89]

However, the mean performance of the models improves for all classes with
both augmentations. This again indicates that many colors seem to have some
relevant mismatch between the synthetic and the real-world images, whose
effect can be effectively mitigated using these color augmentations. Overall,
there does not seem to be one particular class or color that has a significantly
larger negative impact on the sim-to-real generalization but a general difference
is present.

Notably, the application of the color augmentations seems to reduce the nega-
tive effects of color differences although they sometimes produce images with
unrealistic colors, which are more dissimilar to the real-world images than the
original synthetic images, as presented in Figs. 2.3 and 5.3. This suggests that
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the color augmentations may be inducing some form of domain randomization
on the colors, instead of making them more realistic. As discussed in Sec-
tion 1.2, one branch of domain randomization repeatedly swaps the texture of
the object and intentionally renders unrealistic ones. This prevents the models
from depending on texture for class detection but incentivizes them to learn
object shapes. Building on the presented observation that object shapes in
simulation environments are often realistic while textures are not, this should
allow the models to generalize better to real-world images. During deployment,
the real-world images can then be viewed as just another variation of the
learned classes.

In conclusion, the findings support the hypothesis that synthetic images exhibit
color differences relevant for sim-to-real generalization and show that this prob-
lem persists over various classes and colors. Furthermore, the results provide
additional evidence for the benefits of domain randomization and showcase the
effectiveness of a simple-to-use way for achieving color randomization through
image augmentations. The results underscore the benefits of incorporating
color augmentations into the training of deep learning models, enhancing their
ability to generalize from simulated to real-world environments.

Object Detection

The impact of the various image augmentation techniques on the sim-to-
real generalization on the drogue detection dataset are presented in Fig. 5.4,
with detailed numerical values provided in Table 5.5. The object detection
models also exhibit numerous improvements with the application of image
augmentations. Notably, the median performance of the models improves
for 18 out of the 25 augmentations, surpassing the number of improvements
observed in the semantic segmentation models. The magnitude of these
improvements is similar to those seen for the semantic segmentation models,
with the exception of the VGG-16 models, which demonstrate improvements
of up to over 30% compared to the baseline for multiple augmentations. This
phenomenon is explored further in a later section.
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Table 5.5: Relative change of performance to the baseline model on the
real-world drogue detection evaluation dataset when apply-
ing the specified image augmentations during training. Values
greater than zero in bold. Bottom section gives statistical
values. Improvement value counts augmentations with im-

provements

MobileNetV3-L ResNet-50 VGG-16
AdvancedBlur 0.8 2.7 26.9
Blur 4.3 14 271
CLAHE 0.1 -2.3 -20.0
Colorlitter 1.8 -0.3 15.1
Defocus 1.2 3.6 33.0
Downscale 0.7 3.1 20.0
Emboss -0.7 -3.8 14.5
Equalize -1.7 -9.1 0.8
FancyPCA 1.0 0.8 1.5
GaussNoise 2.3 1.8 6.1
GaussianBlur 4.7 0.0 24.0
GlassBlur -0.4 -0.8 26.7
HueSaturationValue 0.9 -1.2 -2.9
ISONoise 34 0.4 2.5
MedianBlur 4.0 -1.5 12.8
MotionBlur 4.7 5.8 30.0
RGBShift 0.9 -0.6 2.1
Rand.Bright.Contr 0.4 33 16.6
RandomGamma -0.3 -0.6 0.2
RandomToneCurve -0.8 2.7 1.1
RingingOvershoot 2.3 33 30.2
Sharpen 4.0 15 20.0
ToSepia -1.3 2.2 -3.2
UnsharpMask 0.4 -2.6 1.9
ZoomBlur 1.0 1.7 36.1
Minimum -1.7 -9.1 -20.0
Maximum 4.7 5.8 36.1
Median 0.9 0.8 14.5
Mean 1.4 0.5 12.9

Improvement 19.0 14.0 22.0
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In contrast to the semantic segmentation models, the number of augmentations
that improve the performance of all models, rather than just the median, is also
significantly higher. Specifically, 12 augmentations lead to improvements for
all models, compared to 4 and 0 for the semantic segmentation datasets. This
disparity may be attributed to the comparably simple visual appearance of the
drogue detection dataset. As the dataset does not contain that much variation,
the diversity introduced by the various forms of augmentations may have a
much greater impact than for the semantic segmentation datasets which are
much more diverse and complex by themselves.

Consistent with the findings for the semantic segmentation datasets, Color-
Jitter and RGBShift improve the median performance of the deep learning
drogue detection models compared to the baseline. As discussed for semantic
segmentation above, this aligns with the literature, which states color differ-
ences as a primary contributor to sim-to-real generalization issues. However,
the improvements achieved by these color augmentations are smaller on the
drogue detection dataset. Furthermore, HueSaturationValue, which improved
performance on the semantic segmentation datasets, does not provide any
improvements on the object detection dataset. A possible explanation for this
discrepancy again lies in the visual simplicity of the drogue detection dataset.
As the images do not contain as much color variation but mostly a blue back-
ground and gray objects, the influence of potential color differences seems to
be much smaller. Nevertheless, there is a measurable effect highlighting again
the influences of colors on the sim-to-real generalization.

Similar to the semantic segmentation datasets, GlassBlur and Emboss deteri-
orate the results, which is reasonable given that the synthetic and real-world
images are not captured through textured glass and do not exhibit embossing
effects. Therefore, these augmentations should not be relevant and there seems
to be no positive impact on the sim-to-real generalization.

While the effect of using blur differed for the semantic segmentation datasets,
the object detection models improve much when using blur augmentations.
The largest improvements are achieved with MotionBlur, which is reasonable
given the consistent movement of the drogue in the depicted situations. Addi-
tionally, the models improve in median using GaussianBlur, Blur, MedianBlur,
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AdvancedBlur, and ZoomBlur. Since the synthetic drogue detection dataset
does not contain blurred images due to the data generation process, these
augmentations appear to align the synthetic dataset more closely with the
real-world images, which sometimes appear blurry even to the human eye.

Model and Capacity Influences

From a model-centric perspective, the semantic segmentation models with a
ResNet-101 backbone improve with the highest number of augmentations
across both semantic segmentation datasets as shown in Table 5.2. Conversely,
the semantic segmentation models with ResNet-50 backbone improve with
the lowest number of augmentations across both datasets, also displaying
the lowest median and mean improvements among all considered semantic
segmentation models. It would be reasonable to relate this disparity to the
baseline performance as models with a lower baseline performance have more
room for improvement. However, based on the experiments, the disparity
cannot be solely attributed to the baseline performance of the models as
the models with the ResNet-50 and ResNet-101 backbone have the best and
second-best baseline on the Ruralscapes dataset. Instead, it is likely that the
ResNet-50 backbone, with its lower number of trainable weights, is already near
its capacity limit, making it unable to effectively learn from the added diversity
provided by the augmentations. In contrast, the ResNet-101 backbone, with its
greater number of trainable weights, may have more capacity left to learn from
the information introduced by the augmentations, thereby benefiting more
from their application.

A similar trend is observed in the object detection models in Table 5.5, where
the MobileNetV3-Large, with the fewest trainable weights, exhibits the smallest
maximal improvement and deterioration. This suggests that the limited capacity
of the model enables it to learn relatively robust weights by itself, reducing
overfitting but instead leading to good generalization. However, on the other
hand, this limited capacity also seems to prevent the model from significant
improvements when applying image augmentations, as it is unable to effectively
learn from the additional diversity and information.
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While the capacity of the model is a contributing factor, the results cannot be
explained solely based on it, as shown by the Swin-B and Swin-S models, which
possess more trainable weights than ResNet-101 but do not consistently exhibit
more improvements. Instead, the performance of the baseline model also
seems to play a role. For instance, the Swin-T model, with the smallest capacity
among the transformers, benefits the most from the augmentations, likely due
to its low baseline performance as shown in Table 5.1. This underscores the
influence of the baseline performance on the effectiveness of augmentations,
as models with a lower baseline performance have more room for improvement
and vice versa.

The object detection model with the VGG-16 backbone seems to combine a
relatively high capacity and low baseline performance. As a result, it exhibits
the highest improvement and has the greatest number of augmentations
that improve its performance on the real-world evaluation data, as shown in
Table 5.5. However, even for this model, not all augmentations are beneficial,
as evidenced by its maximum deterioration of -20% for some augmentation.

Furthermore, the application of image augmentations does not yield greater
improvements for transformer-based models compared to CNN-based models.
Section 4.3.2 showed that transformer-based models do not substantially
outperform CNN-based ones in terms of sim-to-real generalization despite their
promising characteristics. It was hypothesized that this might be because of the
relatively small dataset size, as transformers usually have a strong dependence
on large datasets and struggle to outperform CNNs on smaller ones [178, 179].
The use of image augmentations during training increases dataset diversity and
size, but transformers do not exhibit significantly larger improvements than
the CNN-based ResNet models. The median improvements and the number of
augmentations that improve performance are in-between the ResNet models,
with the mean improvements sometimes marginally better for the transformers.
This suggests that the small dataset size and diversity may not be the only
reasons why the transformers-based models do not outperform the CNN-based
ones in sim-to-real generalization, despite their promising characteristics.
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5.3.2 Influence of Combinations of Augmentations

In this section, the effect of combining multiple image augmentations on the
sim-to-real generalization of deep learning models is investigated. Building on
the findings from Section 5.3.1, which demonstrate that certain augmentations
improve model performance when applied in isolation, this section explores
whether combining these augmentations can further enhance performance.

As a first baseline, a combination of all investigated augmentations, each ap-
plied with a probability of 50%, is evaluated. However, as shown in Table 5.6,
this brute-force approach results in a deterioration of the median real-world
performance of the models, rather than an improvement. Notably, even on
the object detection dataset, where most augmentations have a positive ef-
fect, combining all augmentations leads to a decline in median performance.
Specifically, all models except the object detection model with a VGG-16 back-
bone experience a decrease in performance. Therefore, more fine-grained
combinations are investigated.

Given the large number of potential combinations of the augmentations, this
study focuses on evaluating four promising combinations, in addition to com-
bining all augmentations. The results are visually presented in Figs. 5.5 and 5.6,
with numerical values provided in Table 5.6.

The first combination aggregates Colorlitter and RGBShift, which lead to me-
dian improvements on all three datasets. While this combination results in
slight median improvements on all three datasets, it does not necessarily surpass
the performance achieved by applying either augmentation in isolation. On
the Ruralscapes dataset, the combination results in marginally better results
than the best augmentation in isolation, while on the object detection dataset,
the improvement is greater than that achieved by either augmentation alone.
Although the combination also leads to an improvement on the KITTI dataset,
it is inferior to the performance achieved by either of the two augmentations in
isolation. Nevertheless, only two out of the 13 considered models experience a
decline in performance when applying this combination during training.
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Figure 5.5: Relative change of performance to the baseline model on the
real-world semantic segmentation evaluation datasets when
applying the specified combinations of image augmentations
during training
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Figure 5.6: Relative change of performance to the baseline model on
the real-world drogue detection evaluation dataset when
applying the specified combinations of image augmentations
during training

The second combination contains Colorlitter, RGBShift, HueSaturationValue,
and ToSepia, which all improve performance on both semantic segmentation
datasets. Because of that, this combination is only evaluated on the semantic
segmentation datasets. The results demonstrate that combining these augmen-
tations improves the median performance on both datasets and leads to better
median real-world performance than combining only Colorlitter and RGBShift.
While the median improvement using this combination is still smaller than that
achieved by some isolated augmentations on the KITTI dataset, it outperforms
the previous best combination on the Ruralscapes dataset by 3.9%. Notably,
the Swin-T model achieves an improvement of 14.3%, which is large, but still
0.3% lower than the improvement achieved by RGBShift in isolation.

The third combination is dataset-specific, consisting of all augmentations that
lead to a median improvement on the specific dataset. Therefore, for each
dataset, it contains the augmentations for which the median improvement in
Figs. 5.1, 5.2 and 5.4 is greater than zero. The fourth combination is model-
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Table 5.6: Relative change of performance to the baseline model on the
real-world evaluation datasets when applying the specified
combinations of image augmentations during training. Best
value for each column in bold, worst in italic

(a) KITTI dataset
ColorJitter SemSegm Dataset  Model

+RGBShift Specific Specific Specific A
ResNet-101 2.2 35 8.3 -1.0 -13.9
ResNet-50 -2.9 2.8 5.3 6.2 -17.1
Swin-B 9.9 8.0 4.2 -2.1  -183
Swin-S 2.5 -0.5 -6.9 -1.0 -23.0
Swin-T 7.3 113 6.9 0.8 -15.7
(b) Ruralscapes dataset
Colorlitter SemSegm Dataset  Model All
+RGBShift Specific Specific Specific
ResNet-101 5.8 2.6 -5.5 -3.7 -333
ResNet-50 2.5 -9.7 -12.3 -1.9 -386
Swin-B 4.8 11.2 2.6 6.4 -145
Swin-S 8.2 9.7 6.2 84 -152
Swin-T 12.9 14.3 8.6 69 5.5
(c) Drogue detection dataset
ColorJitter SemSegm Dataset Model Al
+RGBShift Specific Specific Specific
MobileNetV3-L 1.0 — -4.7 -74  -3.7
ResNet-50 3.5 — -10.4 -50 -95
VGG-16 3.4 — 18.1 18.9 233

specific, comprising all augmentations that result in an improvement for the
specific model on the dataset. Therefore, for each model on each dataset, it
contains all augmentations that lead to an improvement greater than zero in
Table 5.2. The findings suggest there is potential to be found but combining
multiple augmentations is a complex task that does not necessarily lead to
improved results. On the positive side, the model-specific augmentation combi-
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Figure 5.7: Example image on which multiple augmentations are applied
consecutively. Each of the 25 investigated augmentations is
applied with a probability of 50%. As a reference, the top
left image is without augmentations

nations result in a median improvement larger than that of any augmentation
in isolation on the Ruralscapes dataset. However, the other combinations do
not achieve median improvements compared to augmentations in isolation.
For half of the combinations, the median of the model performances even
deteriorates.

Especially the model-specific combinations suggest that combining too many
augmentations may be a source of this problem. On the KITTI and the object
detection dataset, where 8-19 and 15-22 augmentations are combined, the
selections lead to a median deterioration while on the Ruralscapes dataset,
where only 2-16 are combined, they lead to a median improvement. Fig. 5.7
shows some example images on which multiple augmentations are applied
consecutively. Each of the 25 investigated augmentations is applied with a
probability of 50%. The figure illustrates that the combination of too many
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augmentations can lead to images in which some objects, like the humans
on the street, are hardly visible anymore, preventing the model from learning
effective features to detect them.

These findings underscore that using image augmentations is a promising
approach to improve the sim-to-real generalization but careful consideration
must be given to the selection and combination of augmentations to achieve
optimal results.

5.4 Summary

This chapter addresses Research Question 3 from Section 1.3 and explores the
potential of basic pixel-level image augmentation techniques to enhance the
sim-to-real generalization capability of deep learning models. An extensive
evaluation of 25 augmentations is conducted on 5 semantic segmentation
models and 3 object detection models across multiple datasets.

The experiments demonstrate that image augmentations can significantly boost
the real-world performance of deep learning models trained on synthetic
data. Notably, even a single augmentation can improve the median real-
world performance by over 5% on all datasets, with some models achieving
maximum improvements of up to 36.1% on the object detection, 14.6% on
the autonomous driving, and 14% on the UAS dataset.

The results highlight the impact of color differences between the synthetic and
the real-world images on the sim-to-real generalization issues, as RGBShift and
Colorlitter are the only augmentations that improve the median performance
of the models across all datasets. Furthermore, transformer models also show
improved performance with these two augmentations, indicating that the
coloration plays a significant role in their sim-to-real generalization issues as
well, although current literature states that they pay more attention to shape
than to texture. The analysis of the per-class performance reveals that the color
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augmentations provide benefits for various classes and colors, highlighting a
general color difference instead of only between particular classes or colors.
Additionally, the results provide further evidence for the benefits of domain
randomization and showcase the effectiveness of a simple-to-use way for
achieving color randomization through image augmentations.

The experiments also reveal that applying image augmentations does not yield
greater improvements for transformer-based models than for CNN-based mod-
els. Transformers seem to be promising for sim-to-real generalization because
of their shape-bias and the realistic representation of shape in game engines (cf.
Section 1.2) but did not manage to outperform CNN-based models in Chapter 4.
It was hypothesized that this might be because of the relatively small dataset
size and diversity, as transformers usually have a strong dependence on large
datasets and struggle to outperform CNNs on smaller ones [178, 179]. How-
ever, despite the increased diversity and size of the dataset provided by image
augmentations, transformers did not exhibit significantly larger improvements
than CNN-based models. This suggests that the dataset size and diversity are
not the only factors that limit the sim-to-real generalization of the transformers
but that there might be more hidden factors.

The study further confirms the literature that adding noise and blur can improve
generalization from synthetic to real-world images. However, the effectiveness
of these augmentations depends on the specific dataset and the conditions
the model will face during deployment. Although not all considered datasets
improve with the addition of blur augmentations, its usage should be considered
especially when faced with situations in which the camera or the observed
objects move a lot.

While the results show that image augmentations can have a positive impact
on sim-to-real generalization, they also reveal that not all augmentations are
beneficial but some may even degrade performance. The effect of the aug-
mentations partly differed between the datasets but the experiments identified
GlassBlur and Emboss as augmentations that resulted in lower median real-
world performance across all datasets. To some extent, augmentations seem
to be more effective when they reflect real-world phenomena faced during
deployment.
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Additionally, the experiments show that not all models benefit equally from
image augmentations. Models with a higher capacity and more trainable
weights tend to benefit more from augmentations. However, the general
learning capability of the model also plays a role, as models with high baseline
performance usually have less room for improvement.

A natural way for trying to increase the promising results of applying image
augmentations in isolation is to use combinations of different ones. However,
the experiments reveal that combining augmentations without careful con-
sideration may harm the real-world performance and, in general, combining
multiple augmentations in a useful way seems to be a difficult task.

Overall, this chapter provides valuable insights into the effective use of image
augmentations for improving the sim-to-real generalization of deep learning
models. [t highlights the benefits of color and blur augmentations, the in-
fluence of the model capacity, and the importance of considering real-world
phenomena when selecting augmentations. While increasing photorealism
remains a promising approach to improve sim-to-real generalization, image
augmentations offer a practical solution for improving generalization when
using current state-of-the-art game engines.



6 Suitability of Synthetic
Data for Selected Aviation
Use-Cases

This chapter presents the final investigation of Research Question 1, which
explores how well deep learning models trained on synthetic images perform
in terms of accuracy-related metrics on real-world images in selected aviation
use-cases. Building on the knowledge gained in the preceding chapters, this
chapter evaluates deep learning models trained on synthetic images compared
to those trained on real-world images directly. The primary objectives are to
assess how well these models perform relative to their real-world counterparts
and to determine the suitability of synthetic images for training deep learning
models in aviation use-cases.

The chapter is organized along the two Research Sub-Questions 1.1 and 1.2,
each addressing a distinct aviation use-case with specific characteristics, that
has received limited attention in the literature. Specifically, Section 6.1 focuses
on drogue detection in air-to-air refueling (Research Sub-Question 1.1), while
Section 6.2 explores semantic segmentation from low-altitude UAS perspective
(Research Sub-Question 1.2). By examining these two use-cases, this chapter
provides a comprehensive understanding of the potential benefits and limita-
tions of using synthetic images for training deep learning models in aviation
applications.
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6.1 Drogue Detection

This section investigates Research Sub-Question 1.1, which explores the suitabil-
ity of synthetic data for training an object detection model for drogue detection
in an air-to-air refueling scenario. Unlike many use-cases examined in the
literature, this scenario presents an interesting combination of conditions that
may facilitate better generalization from synthetic to real-world images. Specif-
ically, the high altitude and limited variability of participating objects reduce
the occurrence of shadows, reflections, distractions, and occlusions, resulting
in images with reduced visual complexity, as discussed in Section 1.3. Further-
more, the limited number of objects in sight, typically one drogue and one
tanker aircraft, as well as the absence of complex ground textures, contribute
to a more controlled and reproducible environment. This seemingly simpler
setting makes drogue detection a suitable starting point for investigating the
sim-to-real generalization of deep learning models in aviation use-cases.

The development of the data generation toolchain and process used to generate
the synthetic images are presented in Section 3.1.3. Utilizing a publicly available
game engine and additional tools, the data generation process employed
parameters according to standardized air-to-air refueling procedures. The
generation process was further designed to ensure that the drogue could be
depicted in all potential positions within the image and to introduce some
diversity in environmental conditions. Overall, the effort required for developing
the toolchain and generating the synthetic data was manageable with the
publicly available tools and guidance.

In this section, deep learning drogue detection models trained on synthetic
images are compared to a corresponding model trained on real-world images
directly. As found in Chapter 4, the choice of the deep learning model signifi-
cantly influences sim-to-real generalization, with a Faster R-CNN [107] with a
ResNet-50 [105] FPN backbone achieving the best real-world drogue detection
performance when trained on synthetic images. Therefore, this model, trained
without augmentations with its performance as given in Table 5.1, is selected
as the first model for the comparison.
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The impact of image augmentations on the generalization was further investi-
gated in Chapter 5, revealing that the real-world performance can be improved
using image augmentation technigues during training. For the Faster R-CNN
with ResNet-50 model, applying motion blur to the training data yielded the
largest improvement and the best overall real-world performance. This model
variation is selected as the second model for comparison.

To assess the suitability of synthetic images for training drogue detection models,
the models are compared to a model trained directly on real-world images. To
do so, the same Faster R-CNN model with ResNet-50 FPN backbone is trained
on the designated real-world dataset presented in Section 3.1.2, comprising
414 images. Although this dataset is significantly smaller than the synthetic
one, this setting aligns with the assumption that usually only limited real-world
data is available in aviation use-cases, if any exists at all.

The training of the model on real-world images is done with the same hyperpa-
rameters that were used for the other two models and presented in Section 5.2.
Therefore, it is trained with Adam optimizer [175], a learning rate of 0.0001,
for a maximum of 200 epochs, and with a batch size of 16. Furthermore,
early stopping with a patience of 10 is employed again to reduce computation
when the model reaches a local optimum and does not improve anymore.
Similar to the models trained on synthetic images considered in this comparison,
the model is trained three times and the variation with the best real-world
performance is used for further evaluation.

The performance of the three models on the real-world evaluation dataset
is presented in Table 6.1. Notably, the models trained on synthetic images
outperform the model trained directly on real-world images, despite not having
seen real-world images to adapt their weights. In contrast, the model trained
on real-world images was trained on images from the same setting as the
evaluation dataset but only from a different refueling approach. The accuracy
advantage of the models trained on synthetic images over the model trained
on real-world images is also substantial, with improvements of 13.8 pp for the
model trained without augmentations and 18.3 pp for the one trained with
motion blur augmentations.
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Table 6.1: Performance of the drogue detection models on the real-world
evaluation dataset when trained on different training datasets

Training Dataset mAP
Real-World 64.3
Synthetic 78.1

Synthetic with Augmentations  82.6

Example detections from the three models on the evaluation dataset are shown
in Fig. 6.1. These images do not represent the real distribution of the de-
tections but highlight key strengths and weaknesses of the models. The left
column demonstrates that all models are able to detect the drogue with a high
confidence under fair conditions and when it is fully visible.

However, the models also make false positive detections, as illustrated in the
middle column. One common failure case for the models trained on synthetic
images is the detection of the probe as a drogue, possibly due to the simplified,
noticeably different appearance of the probe in the synthetic training images to
the real-world one. Nevertheless, these detections often have a low confidence,
allowing for effective filtering during deployment. A deployed system could
also ignore the area around the probe altogether, removing many false positives
and improving the overall performance of the models further. In contrast, the
real-world model rarely detects the probe as a drogue, having learned to ignore
it from the real-world training images as they show exactly the same probe
from the same camera position. However, the model trained on the real-world
images also makes false positive detections and some of them are much harder
to filter out. The example shows a false positive detection of the drogue where
the drogue is predicted larger than it actually is. The model also detects the
same drogue with the correct size but both detections are paired with the
same high confidence making it difficult to select the correct detection without
additional information.

Another failure case frequently observed in the model trained on the real-world
data is that it misses drogues that are not fully visible in the image, as shown in
the right column. The models trained on the synthetic data are more capable of
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(b) Synthetic training dataset with motion blur augmentations

(c) Real-world training dataset

Figure 6.1: Example images from the evaluation dataset with predic-
tions from the drogue detection models to highlight different
strengths and weaknesses of the models
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detecting such drogues, often even with high confidence, as shown in the figure.
This phenomenon likely results from the larger size and diversity of the synthetic
dataset, which was specifically created to depict drogues in various positions,
including partially occluded or outside the image. Therefore, the models are
able to detect such drogues as well. The real-world dataset however, which
is much smaller as real-world data is often unavailable in aviation use-cases,
does not contain that much variety in drogue positions. Therefore, the model
trained on real-world images did not have as many partially visible drogues to
learn from. Overall, for this use-case, the larger diversity in drogue positions is
seemingly more important than training on images from the real-world.

In conclusion, the results demonstrate that the generated synthetic images
provide a suitable basis for training an object detection model with strong real-
world performance. Contrary to most current state-of-the-art research, which
suggests that training on synthetic images yields poor results on real-world
images, this work shows that models trained on synthetic images can even
outperform those trained on real-world data in the context of drogue detection
when only limited real-world data is available. The visually simple and controlled
environment of air-to-air refueling, characterized by a limited number of objects
and minimal distractions, contributes to a situation where a systematic data
generation process can create diverse datasets that provide a good foundation
for learning, even if the synthetic images are not perfectly photorealistic. Since
this use-case is a representative example of a simple perception task in aviation
as presented in Section 1.3, these findings have direct benefits for practical
applications.
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6.2 Semantic Segmentation from
Low-Altitude UAS Perspective

This section investigates Research Sub-Question 1.2, which explores the suitabil-
ity of synthetic data for training a semantic segmentation model for application
from a low-altitude UAS perspective. This scenario is inherently more com-
plex due to the presence of multiple objects, varying object sizes, and diverse
perspectives.

Because of the more complex situation, the data generation presented in
Section 3.2.2 proved to be more challenging compared to the air-to-air refueling
setting and required more effort. The dataset was replicated stylistically in a
game engine, meaning that the synthetic dataset shows a visually similar scenery
but does not mirror the positions and appearances of every object, as this would
not be feasible. It was furthermore presented that the extracted annotations of
the trees required some post-processing as the game engine produced much
more fine-grained annotations compared to the real-world dataset that was
annotated manually. Overall, the effort to create the synthetic dataset was
higher compared to the air-to-air refueling use-case but still manageable under
the constraint that the dataset was only recreated stylistically.

Similar to Section 6.1, the deep learning model with the best real-world per-
formance when trained on the synthetic images without augmentations, as
evaluated in Chapter 4, is selected as the first model for further comparison:
An UPerNet [108] with ResNet-50 backbone [105]. Specifically, the model
trained without augmentations with its performance as presented in Table 5.1
is considered first.

For this model, applying CLAHE augmentations during training on synthetic data
yielded the largest improvements and the best overall real-world performance,
as shown in Chapter 5. Therefore, the UPerNet with ResNet-50 backbone,
trained on the synthetic images with CLAHE augmentations, is selected as the
second model for comparison.
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Table 6.2: Per-class loU of the semantic segmentation models on the real-
world evaluation dataset when trained on different training

datasets
Dataset Mean Building Car Greenery Person Road Background
Real-World 67.0 78.4 352 86.9 58.4 56.1 86.8
Synthetic 49.5 60.9 22.0 76.2 38.0 25.0 74.8
Synthetic + Augs. 51.6 61.9 254 75.1 43.2 30.1 741

To investigate the suitability of synthetic images for training semantic segmen-
tation models, the selected models are compared to a model trained directly
on real-world images. To do so, the same UPerNet with ResNet-50 backbone
is trained on the real-world dataset designated for training, presented in Sec-
tion 3.2.1. It contains 652 training images which is a large amount considering
that the manual annotation of one image took 45 minutes on average [170].
The model trained on the real-world images is then evaluated on the same
real-world evaluation dataset as the models trained on synthetic images. As
described in Section 3.2.1, the evaluation dataset contains images from the
same region but from different videos than in the training dataset.

The model is trained with the same hyperparameters that were used for the
other two models and presented in Section 5.2. Therefore, it is trained using
SGD optimizer with a learning rate of 0.01, momentum of 0.9, and weight
decay of 0.0005. The model is trained for the same maximum of 200 epochs
with a training batch size of two and early stopping with a patience of 10
to reduce computation when it has reached a local optimum and does not
improve anymore. Similar to the models trained on synthetic images considered
in this comparison, the model is trained three times and the variation with the
best real-world performance is used for further evaluation.

The performance of the three models on the real-world evaluation dataset
is presented in Table 6.2. In contrast to the drogue detection use-case, the
comparison reveals a clear performance difference in favor of the model trained
on real-world images. The models trained on synthetic images perform signifi-
cantly worse than the model trained directly on the real-world dataset, with a
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Figure 6.2: Predictions from the semantic segmentation models on the
evaluation dataset for the different training datasets. Anno-
tations: Buildings in yellow, Cars in gray, Greenery in green,
Persons in red, Road in white, Background in black. Input
image and ground truth from [170]

mean deviation of 17.5 pp for the model trained without augmentations and
15.4 pp for the model trained with augmentations.

When comparing the two models trained on synthetic images, the use of
augmentations leads to an improved mean real-world performance over all
classes and the model outperforms the model trained without augmentations
on all individual classes, except background and greenery. However, the model
trained on real-world images directly exhibits better performance on all classes
than the two models trained on synthetic images, particularly for the road
(26 pp), building (16.5 pp), and person (15.2 pp) classes.

An example prediction from the three models on the evaluation dataset is given
in Fig. 6.2. While the numerical results indicate a significant difference, visual
differences can be observed but do not appear as pronounced. All predictions
look relatively good, with most buildings and greenery accurately detected.
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The model trained only on synthetic images misses the street, whereas the
model trained with augmentations detects most of it. All models miss some
cars on the street, but the models trained on synthetic images do so more
frequently. Furthermore, the persons might not be detected as detailed as from
the model trained on the real-world images but these fine prediction differences
might not be that important from the perspective of a flying aircraft: For most
use-cases it should usually be sufficient to know that there is a person and a
small undetected part of the person should not influence the overall system.

Notably, the predictions from the models trained on synthetic images for the
area in front of the church are very mixed and noisy. This might be attributed
to the complexity of the area, which shows a construction site. In the ground
truth annotations, the area is labeled as greenery but this is arguably a corner
case that could as well be labeled differently. Additionally, the construction
vehicle is labeled as a car, which is reasonable to some extend but unlikely to
be predicted by the models trained on the synthetic images as such vehicles are
not present in the synthetic training data.

In contrast, the model trained on the real-world images predicts this complex
area remarkably well. A similar phenomenon of very precise predictions from
the model trained on real-world images can be observed in Fig. 6.3, where
the predictions of the river and the street appear to be almost perfect. These
predictions also look much more accurate than in other regions, giving rise to
the assumption of overfitting or memorizing. As presented in Section 3.2.1, the
images in the designated real-world training and evaluation datasets are from
different video sequences but from the same region. The UAS often flies along
the main road, which might result in similar images from similar perspectives
in both the training and evaluation datasets. A visual inspection confirms that
there are images in the real-world training dataset that look very similar to the
presented images from the evaluation dataset, as shown in Fig. 6.4. While not
exactly the same, these images show the same situation only from a slightly
different perspective, giving the model trained on them a clear advantage on
the evaluation dataset. This could skew the results to some extent. However,
it might also represent a real-world situation where the UAS is expected to
operate in that specific region and some real-world data has been recorded.
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Figure 6.3: Predictions from the semantic segmentation models on the
evaluation dataset for the different training datasets with
remarkable accuracy of the real-world model for the street
and the river. Annotations: Buildings in yellow, Cars in gray,
Greenery in green, Persons in red, Road in white, Background
in black. Input image and ground truth from [170]

Figure 6.4: Example images and annotations from the real-world train-
ing dataset that look similar to images from the evaluation
dataset. Images and ground truth from [170]
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Having this advantage of the model trained on the real-world images in mind
and only investigating the models trained on the synthetic images, their general
real-world prediction capabilities appear promising and might even be competi-
tive on datasets with more dissimilar real-world training and evaluation data.
Furthermore, a more exact virtual representation of the region in the simulation
environment, possibly derived from map data using an automated generation
approach, could improve the similarity of the synthetic images and ultimately
the results of the models trained on it.

Another factor that likely impacts the numerical results is inconsistencies in the
manual annotations, as shown in Fig. 6.5. While both images show a similar
area from slightly different perspectives, the annotations vary a lot. In Fig. 6.5a,
the annotations are relatively fine-grained but in Fig. 6.5b, they are coarser,
which is the more frequent case in the real-world dataset. This was probably
done to reduce workload in the time-consuming manual annotation process.
The model trained on these real-world annotations adapts to their coarser
granularity, whereas the models trained on the synthetic images with their
pixel-perfect annotations, as presented in Section 3.2.2, output much more
detailed predictions. This results in differences between the predictions and the
real-world ground truth annotations, leading to a lower numerical performance.
However, while the predictions of the buildings on the mountains from the
models trained on synthetic images in Fig. 6.5b are wrong, the fine-grained
predictions in the building area look accurate and, in part, even more accurate
than the coarse ground truth annotations.

Whether these fine-grained predictions and annotations contain useful informa-
tion depends on the specific use-case. Nevertheless, in the current configuration,
they seem to influence the results and lead to worse numerical values than a
visual inspection might suggest. If fine-grained annotations are not needed,
the synthetic annotations of the buildings could be made coarser using a sim-
ilar post-processing method as applied to the tree annotations presented in
Section 3.2.1, which would likely bring the performance of the models trained
on the synthetic images closer to the real-world baseline. On the other hand, if
fine-grained annotations are useful, the synthetic annotations can provide a
significant benefit compared to the time-consuming effort of creating manual
annotations of real-world images with such a high level of detail.
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Figure 6.5: Example images from the evaluation dataset with inconsisten-
cies in the manual annotations, combined with predictions
from the semantic segmentation models for the different
training datasets. Annotations: Buildings in yellow, Cars in
gray, Greenery in green, Persons in red, Road in white, Back-
ground in black. Input images and ground truth from [170]
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In conclusion, while the synthetic images currently lead to models with lower
real-world performance, they demonstrate promising visual prediction accu-
racy and characteristics. For specific situations, they might be able to train
models with a performance comparable to those trained on real-world images,
especially if the synthetic images and annotations can be made more similar
to the real-world data, e.g., through automated generation approaches or
post-processing techniques.

6.3 Summary

This chapter addresses Research Question 1 from Section 1.3 and explores the
suitability of synthetic images to train deep learning models for selected aviation
use-cases. Building on the knowledge gained in the preceding chapters, this
chapter evaluates deep learning models trained on synthetic images compared
to models trained on real-world images directly. The primary objective is to
assess the applicability of synthetic images for training deep learning models
in aviation contexts and to determine how well these models perform rela-
tive to real-world counterparts. Corresponding to the partition in Research
Sub-Questions 1.1 and 1.2, the chapter investigates synthetic images for two
aviation use-cases with specific characteristics that have received limited atten-
tion in the literature: Drogue detection during air-to-air refueling and semantic
segmentation from low-altitude UAS perspective.

For the drogue detection use-case, the experiments reveal that synthetic images
provide a suitable basis for training deep learning models, with the models
achieving superior performance to those trained on real-world images directly
when only limited real-world data is available. This finding is contrary to most
current research, which suggests that models trained on synthetic images
yield poor results on real-world images (cf. Section 1.2.1). The results have
widespread relevance, showcasing the potential of synthetic data to improve
model performance and to reduce the need for expensive and time-consuming
real-world data collection. As this use-case is a representative aviation use-case
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as presented in Section 1.3, these findings further have direct benefits for
practical applications.

For the much more challenging semantic segmentation use-case, the models
trained on synthetic images also yield promising visual results. While the
numerical results show an inferior performance compared to a model trained on
real-world images directly, the differences seem to be mainly due to the presence
of similar images in the real-world training and evaluation datasets, ambiguous
annotations in some edge cases, and differences in level-of-detail between the
pixel-perfect synthetic annotations and the coarser manual ones for the real-
world images. Overall, the evaluation shows that the semantic segmentation
models trained on synthetic images from low-altitude aerial perspective are able
to generalize to real-world images and demonstrate promising visual prediction
accuracy. Depending on the use-case, the pixel-perfect annotations of the
synthetic images can further provide a significant benefit compared to the
time-consuming effort required for creating real-world images with such a high
level of detail in annotations.

Overall, this chapter demonstrates the potential of synthetic images for training
deep learning models in aviation applications, highlighting both the benefits
and limitations of this approach. The results provide valuable insights into the
factors that influence the effectiveness of synthetic images for specific use-cases
and fill a significant gap in the literature. By leveraging synthetic images, the
costs and challenges associated with real-world data collection can be reduced,
while still being able to train models with a high performance for a range of
aviation applications.



7 Conclusion and Future
Work

This work investigated the suitability of synthetic images for training deep
learning models for selected aviation use-cases. As the two main use-cases, the
visually simple but critical task of drogue detection during air-to-air refueling
and the visually more complex task of semantic segmentation from low-altitude
UAS perspective were considered. The investigation involved creating synthetic
datasets for these use-cases and evaluating the real-world performance of deep
learning models trained on the synthetic datasets compared to those trained
on real-world images directly.

Furthermore, influences on the sim-to-real generalization capability of deep
learning models were explored. In this context, a comprehensive evaluation
of the influence of the deep learning model architecture and the potential of
image augmentation techniques to improve the sim-to-real generalization of the
models was conducted. By considering these underexplored factors, this work
provides novel perspectives on the sim-to-real generalization of deep learning
models. To ensure a broad investigation and to improve the generalizability of
the findings, the experiments on the influencing factors were conducted on
the two aviation datasets and a dataset from the automotive sector. Overall, a
wide range of experiments was carried out using multiple datasets, perception
tasks, and deep learning models, providing new insights into the potential and
limitations of using synthetic data for training deep learning models as well as
influences on their sim-to-real generalization capability. First presentations of
parts of the results were published in [88-92].
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The following section concisely answers the considered research questions.
More detailed summaries for the specific research questions are provided in the
summaries in Sections 4.4, 5.4 and 6.3.

Research Question 1: How well do selected deep learning
models trained on synthetic images perform in terms of
accuracy-related metrics on real-world images in specific avi-
ation use-cases compared to a baseline model trained on
real-world images?

The first research question investigates the suitability of synthetic images for
training deep learning models in aviation. This question was further divided into
two sub-questions, focusing on the specific use-cases of drogue detection dur-
ing air-to-air refueling (Research Sub-Question 1.1) and semantic segmentation
from low-altitude UAS perspective (Research Sub-Question 1.2).

The results presented in Chapter 6 show for the visually simple drogue detection
use-case that synthetic images can provide a suitable basis for training deep
learning models, with models achieving superior real-world performance to
those trained on real-world images directly, outperforming them by up to
18.3 pp in mAP, when only limited real-world data is available. For the more
challenging semantic segmentation use-case from low-altitude UAS perspective,
the models trained on synthetic images also achieve promising visual prediction
accuracy on the real-world images. While their numerical performance is
15.4 pp lower in mloU compared to models trained on real-world images
directly, the difference in performance is largely attributed to factors such
as similar images in the available real-world training and evaluation datasets,
ambiguous annotations, and differences in level-of-detail between the pixel-
perfect annotations of the synthetic images and the coarser manual real-world
annotations. A more comprehensive summary of the findings is given in
Section 6.3.

Overall, contrary to most current research, the results demonstrate that syn-
thetic images can provide a suitable basis for training deep learning models,
particularly in visually simple situations and when only limited real-world data is



7 Conclusion and Future Work 161

available. The detailed results from Chapter 6 highlight both the benefits and
limitations of synthetic images and have direct benefits for practical applica-
tions. By leveraging synthetic data, the costs and challenges associated with
real-world data collection can be reduced, while still being able to train models
with a high real-world performance.

Research Question 2: How much do selected deep learning
model architectures differ in accuracy-related metrics on real-
world images when trained on synthetic images?

The second research question explores the influence of the deep learning model
architecture on its sim-to-real generalization capability. The results presented in
Chapter 4 show that influential and widespread models differ significantly in
their sim-to-real generalization capability, with sim-to-real gaps varying by up to
17.3 pp for the investigated object detection models and by up to 15.1 pp and
27.8 pp for the semantic segmentation models on the considered datasets.

Deeper investigations revealed that the backbone of a model has a significant
influence on the sim-to-real generalization and further influencing factors
were identified. Notably, transformer backbones do not achieve better sim-
to-real generalization than CNNs, despite literature suggesting that they have
promising characteristics. Additionally, the experiments demonstrate that larger
models are not necessarily better at generalizing from synthetic images to real-
world ones for visually simple tasks, but that they may be required to achieve
competitive results for more complex tasks like semantic segmentation. A more
comprehensive summary of the findings is given in Section 4.4.

Overall, the findings provide practical insights on how to select deep learning
models for good real-world performance when trained on synthetic images
and present a novel perspective on the sim-to-real generalization capability of
the models.
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Research Question 3: What influence do selected image aug-
mentation techniques during training of deep learning mod-
els on synthetic images have on accuracy-related metrics on
real-world images?

The third research question examines the potential of image augmentations
to enhance the sim-to-real generalization capability of deep learning models.
The results presented in Chapter 5 show that image augmentations can signif-
icantly boost the real-world performance of the models trained on synthetic
data. Using a single image augmentation technique, the median real-world
performance of the considered models can be improved by over 5% on all
investigated tasks and datasets. Some models can even achieve maximum
improvements of up to 36.1% on the object detection dataset, as well as
14.6% on the automotive, and 14% on the aviation semantic segmentation
datasets.

Color augmentations are found to be particularly effective, with RGBShift and
Colorlitter being the only augmentations to improve median performance
across all datasets, highlighting the impact of color differences between syn-
thetic and real-world images on the sim-to-real generalization issues. Blur
augmentations also show large improvements on some datasets but their effec-
tiveness seems to be dependent on the specifics of the dataset. Furthermore,
the results demonstrate that not all augmentations are beneficial, with some
even degrading real-world performance. A more comprehensive summary of
the findings is given in Section 5.4.

Overall, the findings provide practical insights into the effective use of image
augmentations for improving the sim-to-real generalization of deep learn-
ing models. While increasing photorealism remains a promising approach to
improve sim-to-real generalization, image augmentations offer a practical so-
lution for improving generalization when using current state-of-the-art game
engines.

In conclusion, this work provides a comprehensive evaluation of the suitability
of synthetic images for training deep learning models for aviation use-cases
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and explores influences on the sim-to-real generalization capability of these
models. It demonstrates the potential of synthetic images to bring advances
of deep learning to the aviation sector by reducing the need for expensive
and time-consuming real-world data collection, and offers practical insights for
deep learning model selection and training. By understanding influences on the
sim-to-real generalization capability of deep learning models, practitioners can
develop more effective strategies for leveraging synthetic data and academia
can pay attention to reducing the underlying causes. The broad investigations
using multiple perception tasks and datasets should further allow the transfer of
the results to other industries with limited access to real-world data, advancing
the deployment of deep learning-based perception to new domains.

While this study provides novel perspectives and fills significant gaps in the
literature, it also opens up new avenues for future research. Building on the
results from Research Question 1, more datasets and use-cases can be explored,
including the influence of the datasets on the generalization. Particularly,
exploring the generalization of the semantic segmentation models from aerial
perspective, when trained on a more similar virtual representation of the real-
world flight area, e.g., using automated virtual world generation approaches
based on map data, could further improve the real-world performance of
the models. Although this work considered datasets from different modern
game engines, future work could further investigate synthetic data from other
game engines as well, especially from new developments in the coming years.
Additionally, by creating synthetic datasets for new scenarios, the results could
also be transferred to other domains like maritime or space.

Building on the investigations of the various deep learning models in Chapter 4,
additional models can be investigated on their sim-to-real generalization. In this
direction, ablation studies could be useful to identify the influence of specific
model components. While different models, published over the span of multiple
years, have been investigated, further exploring the trend of the sim-to-real
generalization capability over time could provide additional valuable insights.
Especially large families of models that build on each other over time, such as
certain YOLO models, could be a good starting point to do so. Furthermore,
it would be interesting to investigate whether larger datasets help to improve
the sim-to-real generalization capability of transformer models, as suggested in
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Chapter 4. Moreover, future work should also focus explicitly on developing
models with better sim-to-real generalization capability. Ultimately, this could
allow the usage of deep learning models in more domains in which real-world
data is difficult to acquire.

The investigations on the effects of image augmentations on the sim-to-real
generalization focused on the standard parameters provided by the utilized
library. Building on that, exploring the influence of changing the parameter
ranges of the augmentations could lead to additional improvements. While
this work shows many positive effects of using isolated image augmentations
on the sim-to-real generalization, it also reveals difficulties in combining them
effectively. As a result, investigating possible benefits and strategies for com-
bining multiple augmentations seems to be a promising direction for future
research. Since the number of possible combinations grows exponentially with
the number of augmentations, using optimization frameworks or learning
optimal augmentation strategies for synthetic images could be a good starting
point for such investigations and promise to further improve the real-world
performance of models trained on synthetic images.
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