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Abstract

The recent advances in deep learning have enabled a large variety of applications.
Among these are, for example, the environment perception of robots, including self-
driving cars, and medical image analysis, which helps identify medical conditions or
planning treatment. To build deep learning systems that generalize well, large quan-
tities of relevant human-labeled data must be available for training.

This requirement introduces several challenges. Annotations are costly due to the
large amounts of data that need to be labeled and the complex nature of the annota-
tion process. This is made more complex by the fact that relevant data needs to be
recorded before data can be labeled. Depending on the field of application, this can
be challenging. The challenge arises because relevant data is seldom available, which
introduces the need to capture large quantities of data to find rare but critical cases.

The work investigates a more efficient use of manual annotation through intelli-
gent data selection for labeling, utilizing active learning (AL). In this context, semi-
supervised learning (SSL), which aims to replace manual annotation, is utilized. The
thesis investigates the use of synthetic data to replace the acquisition of data itself.
The work presents strategies to guide the generation process towards creating rare but
critical data. Finally, it is shown how to utilize these insights to create models that
generalize well toward unseen distributions with minimal human intervention.

For each of these methodologies, the thesis contributes novel approaches and anal-
yses. It is shown that the choice of active learning approaches is highly dependent
on the type of distribution the selection is performed on and the annotation budget.
Next, the work shows how AL and semi-supervised learning are effectively integrated.
This insight shows how to develop best practices for the application of AL and SSL.
For the use of SSL in adapting networks to novel data domains, this work provides an
extensive review of this dynamic field and derives novel low-complexity methods from
it. These methods prove useful in their application to the environment perception of
autonomous vehicles and the medical domain, as well as for adapting from synthetic
to real data. The work provides novel methods for the targeted creation of synthetic
data. Building on the creation of synthetic data and the research on SSL, the thesis
presents an approach for generalizing to unseen domains.

Overall, this thesis provides solutions for minimizing the cost and human effort
involved in annotating and acquiring relevant data. The solutions provide efficient
adaptation and generalization to new domains and distributions.
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Zusammenfassung

Die Fortschritte im Bereich Deep Learning bzw. der tiefen neuronalen Netzwerke
(DNNs) haben eine Vielzahl an Anwendungen ermöglicht. Beispiele hierfür sind die
Umfeldwahrnehmung im Bereich der Robotik bzw. der autonomen Fahrzeuge sowie die
Analyse medizinischer Bilddaten. Um Deep Learning Systeme zu erschaffen, welche
gut generalisieren, werden sehr große von Menschen annotierte Datenmengen benötigt.

Durch diese Voraussetzung ergeben sich verschiedene Herausforderungen. Der An-
notierungsprozess ist teuer, was sich durch die erforderliche große Menge und die
zuweilen komplexe Natur der Annotation ergibt. Zudem lohnt es sich nur relevante
Daten zu annotieren. Da allerdings die Relevanz eines Datenpunktes nicht zuletzt
durch seine Seltenheit gegeben ist, ist die Aufnahme solcher Daten ein großes Prob-
lem. Dies führt häufig zu großen aufwendigen Messkampagnen. Diese Arbeit führt
zunächst Methoden ein, welche die manuelle Annotation effizienter machen, indem
die wertvollsten Daten ausgewählt werden. Solche Methoden werden unter dem Be-
griff Active Learning (AL) zusammengefasst. In diesem Zusammenhang wird auch
das unüberwachte Lernen auf nicht annotierten Daten eingeführt, welches den men-
schlichen Aufwand weiter reduziert und als Semi-Supervised Learning bezeichnet (SSL)
wird. Um das Problem anzugehen, dass relevante Daten nur schwer aufzunehmen sind,
wird in dieser Arbeit zudem der Einsatz von synthetischen Daten und deren gezielte
Generierung untersucht. Die gesammelten Erkenntnisse werden dazu eingesetzt, um
Netzwerke zu trainieren, die gut auf neue Anwendungsdomänen und Datenverteilungen
generalisieren. Für jede der genannten Felder führt diese Arbeit dabei neue Ansätze
und Analysen ein. Es wird gezeigt, dass die Wahl des AL Ansatzes stark von den
gegebenen Verteilungen und dem Annotierungsbudget abhängt. Weiter wird gezeigt,
wie man SSL effektiv in das AL integriert um die menschliche Annotation weiter zu
reduzieren. Das Feld des SSL wird dabei noch einmal spezieller im Bereich der Anpas-
sung von Netzwerken auf neue Anwendungsdomänen betrachtet. Dieses Forschungsfeld
wird in seinen Ansätzen analysiert und reflektiert. Diese Erkenntnisse werden dann
verwendet, um neue Ansätze mit geringer Komplexität einzuführen. Weiter führt diese
Arbeit Ansätze ein, welche die Generierung von seltenen aber kritischen Ereignissen
ermöglichen und somit den Bedarf für die Datenaufnahme reduzieren. In den Kapiteln
wird auf Anwendungen in der Medizin und der Umfeldwahrnehmung eingegangen.

Diese Arbeit trägt also zu neuen Lösungen bei, welche die effiziente Generierung
von synthetischen und realen Datensätzen ermöglichen. Dies erlaubt, Netzwerke zu
trainieren, die gut auf neue Anwendungsdomänen adaptieren und generalisieren.
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Chapter 1

Introduction

1.1 Motivation

The recent advances in computer vision systems have allowed for significant improve-
ments in a diverse variety of applications. Such applications e.g. include infrastruc-
ture monitoring [95, 119], big data analysis [118] or localization [8]. Especially notable
among such applications are the environment perception of robotic systems or the
medical image analysis [49, 202]. The advent of high-quality object detection and
segmentation systems, for example, allowed for the development of self-driving cars
capable of autonomy in certain operational design domains. For example, semantic
segmentation, a pixel-wise classification of an image, provides localized information
about the shape of the drivable area and objects like cars or pedestrians. In med-
ical image processing, semantic segmentation or image classification gained traction
for automatically identifying medical conditions or anatomies in medical image data.
For example, the classification of histological images facilitates the identification of
pathologies or the segmentation of retinal fluids in OCT images and allows for pre-
dicting illnesses like AMD.

These systems are usually based on so-called deep neural networks (DNNs) and
provide high-quality predictions for tasks like image classification, object detection, or
semantic (instance) segmentation. Such systems that discriminate between classes are
called discriminative artificial intelligence (AI) systems. To be used in applications
such as those mentioned above, these systems should:

• Provide high-quality predictions and

• Be robust towards changes in the input distributions.

In the case of autonomous vehicles, a model trained on images recorded on a sunny
day should work well on this domain and distributions of images from novel domains,
e.g., rainy or night images. A common challenge in analyzing medical images occurs
if the training data is not recorded from the same image sensor that the model is
applied to (e.g., different MRT scanners). Therefore, robustness towards these novel
data distributions is crucial in this application, also.
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Chapter 1 Introduction

Figure 1.1: DNNs that were trained on a certain distribution of data achieve high quality on
samples from the same distribution (c.f. bottom) but struggle on unknown parts
of the relevant distribution (c.f. top).

Figure 1.1, however, shows the detrimental effect that data that was not part of
the original training distribution can have on the performance of a DNN for semantic
segmentation. Apart from the network architecture, the most decisive factor in achiev-
ing a model that generalizes well is the availability of large quantities of high-quality
annotated data for training. Creating relevant datasets is a challenging task.

1. Annotations are costly: This problem arises due to the large amounts of data
that need to be labeled and the complex nature of the annotation.

This problem is especially prominent in the field of medical image processing. The
annotation of medical data requires specialists like medical doctors, which are costly
and seldom available in large quantities. In autonomous driving, most people can do
data annotation. Even though the qualification of annotators can be lower, the effort
to label an image is often high and, in the case of semantic segmentation, can, e.g.,
take up to 90 minutes for complex scenes c.f. Cordts et al. [36].

2. Data acquisition can be challenging and expensive: Depending on the field
of application, the acquisition process of relevant data is costly, or data privacy
regulations impede it. In most applications, the acquisition processes yield data
that is redundant. Adding value to the training dataset requires annotating data
that is novel w.r.t. the existing distribution.

Given the use of measurement campaigns to record new data to create datasets for
autonomous vehicles, much of the recorded data will likely be redundant. This redun-
dancy has two primary reasons. On the one hand, the scene composition in driving
environments is restricted. On the other hand, it is unlikely that completely novel
scenarios occur since if they were likely to occur, they would probably already be con-
tained in the preexisting training data. Designing measurement campaigns to record

2



1.1 Motivation

rare data, e.g., driving in under-explored scenarios, helps somewhat. However, the
problem is that identifying the challenging cases a priori is impossible. All of these
issues are also common in medical image processing. Additionally, data privacy reg-
ulations exist in this context, meaning that not all recorded data can be used for
annotation. The image data acquisition process is more expensive and less planable
than the use case of autonomous driving. The lack of control over image recording
results from the cost of medical imaging devices, such as MRTs or CTs, during use.
The high costs make deliberate measurement campaigns difficult, so data is mainly
produced as a byproduct of hospital and clinical practice operations.

Therefore, this work serves the purpose of taking the first steps to solve the two prob-
lems (challenges) identified. To tackle problem 1. it contributes to the active learning
(AL) and semi-supervised learning (SSL) literature. That means this thesis provides
solutions that help to intelligently select the most meaningful data from a given pool
(active learning) of non-annotated data for human labeling and even provides solutions
for utilizing parts of the data that were not annotated before (semi-supervised learn-
ing). Additionally, the work contributes to solving problem 2. by utilizing synthetic
data to substitute real-world data. This work presents novel methods for creating syn-
thetic data representing relevant missing parts of the training distribution. This thesis,
therefore, creates robustness in the trained DNN, even for rare but critical scenarios
that are hard to record during real-world measurement campaigns.

The solutions of this work could be applied to the scenario of a large car company
trying to create a robust perception system for a self-driving car. Given large unla-
beled pools of data that the company recorded from measurement campaigns or the
live operation of their car fleet, the best practices in active learning from Chapter 2
provide a way of selecting an optimal subset of images for labeling. Semi-supervised
learning methods described and introduced in Chapter 2 and 3 allow the utilization
of the remaining unlabeled part through unsupervised training and adapting to novel
domains or environments that were not part of the original training distribution. Fail-
ure cases remain even after utilizing the available data through optimal labeling and
unsupervised learning. The solutions provided in Chapter 4 allow for creating labeled
data specifically for such rare but critical scenarios in the synthetic world. That means
that the car manufacturer can spend less money on measurement campaigns to record
or stage such data, a task that would otherwise be difficult since the perception sys-
tem’s failure cases seldom follow human categories and are usually unknown. Finally,
Chapter 5 shows how to utilize such synthetic data in combination with data-driven
generative models to create a training distribution that allows for training image recog-
nition networks that generalize well to unseen data distribution.

A company providing DNN-based software for classifying or segmenting pathologies
could utilize the solutions in a similar fashion but with a different emphasis on the
challenges. The challenges would be similar, but the importance of the solutions would
be different. Since data, generally speaking, is less available, synthetic data, i.e.,

3



Chapter 1 Introduction

Chapter 4, becomes more important, and since data annotation is a lot harder due to
the demand for medical professionals, the selection of the correct labels is even more
important, i.e., Chapter 2.

Therefore, in the following chapters, this thesis will describe methods of optimizing
synthetic and real training data distributions for deep learning in image recognition.
This work aims to achieve progress in constructing the methodology for the adaptation
and generalization of DNNs to new domains and distributions.

1.2 Scope and Objectives of the Work

This work aims to achieve progress in constructing the methodology for the adaptation
and generalization of DNNs to new domains and distributions. As Figure 1.1 on page
2 underlines, the given training distribution for DNNs in most cases only represents a
small subset of the complete distribution relevant for training. Figure 1.1 illustrates
the consequence, i.e., a decline in performance on data that was not part of the original
distribution. The following two challenges introduce the limitation.

1. Annotations are costly

2. Data acquisition can be challenging and expensive

This work presents two interesting applications: medical image processing and the
environment perception of autonomous cars. Challenges 1 and 2 are especially severe
in medical image processing. Annotation can only be done by costly medical pro-
fessionals, and data acquisition itself is difficult due to privacy regulations and often
costly scanning processes (e.g., MRT). Even though the annotation of street scenes
is time-consuming (90 minutes per semantic segmentation [36]), for the environment
perception in autonomous driving, the largest problem is the acquisition of relevant
data (problem 2.). Recording relevant data is a difficult problem because the temporal
data of driving scenes is inherently redundant. This means that huge amounts of data
need to be acquired to find novel and relevant data.

This work aims to make progress in all of the challenges. From a methodological
point of view, the chapters provide novel approaches and analyses for the following
fields,

• Active Learning

• Semi-Supervised / Unsupervised Learning

• Synthetic Data

Active Learning (AL)→ challenge 1: Active learning refers to a branch of methods
that aims to select the optimal subset of images from a given unlabeled data pool.
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Optimal means that the selected images, when labeled, improve the performance of
the network that is trained on them maximally. Selecting an optimal subset achieves
a better performance of the trained DNN with the same labeling effort, thereby saving
costs over a less ideal image selection. The method for selecting the images for labeling
is called the acquisition function. This work aims to analyze the connection between
the distribution of the given unlabeled data, the annotation budget, and the properties
of the acquisition function. The aim is to define best practices for active learning.

Semi-Supervised Learning (SSL) → challenge 1: Semi-supervised learning
can alleviate human labeling. SSL consists of a parallel supervised training on a given
labeled set of data and an unsupervised training on unlabeled data. Often, self-inferred
labels are used for the unsupervised training part. This way, training and adapting
to new distributions without human labeling is possible. This work investigates two
applications of SSL. On the one hand, it analyzes how different active learning methods
interact with SSL for the optimal use of semi-supervised learning. On the other hand,
it investigates the use of SSL in overcoming structural changes between a labeled set
of data and the unlabeled distribution. I.e., the use of SSL for unsupervised domain
adaptation is investigated.

Synthetic Data → challenge 2: Synthetic data can be created by simulation
engines or data-driven generative models. The created data is already annotated with-
out human intervention, and it is possible to control what kind of data is simulated.
These are attractive properties for solving challenge 2 since real-world data acquisi-
tion is largely defined by chance. Since the scenarios and properties of the generated
data can be controlled, the generation process can also be directed toward producing
"relevant" data. This control allows for replacing the untargeted recording of unla-
beled data. Additionally, the image recording process is almost free, a property that is
especially attractive for medical image processing. The generation of synthetic data,
however, comes with two challenges that this work addresses: There is a large appear-
ance gap between simulated and real-world data, and it is unclear how to find the
parametrization to create meaningful data.

Combined, the approaches in this work provide a framework for minimizing human
intervention in creating training datasets to train models that generalize well to do-
mains and distributions. Active learning yields an effective selection of training data,
semi-supervised learning allows us to utilize recorded unlabeled data for training, and
synthetic data can be used to create targeted data for the missing parts of the relevant
training distribution. Either image classification or semantic segmentation is utilized
in the experiments to demonstrate the effectiveness of the provided solutions. The cre-
ated systems are applied to the environment perception of autonomous vehicles and
medical image processing.
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Chapter 1 Introduction

1.3 Contributions

This work is divided into five chapters. The next four chapters, "Optimizing Real
Datasets with Active and Semi-Supervised Learning," "Reducing Manual Annotation
Effort with Unsupervised Domain Adaptation," "Optimizing Synthetic Datasets by
Targeted Image Generation," and "Knowledge-Based Optimization of Synthetic Data
for Real-World Domain Generalization" provide novel ideas and analysis to overcome
the three challenges in adapting and generalizing to new domains and distributions.
The following points describe the content of these chapters. Additionally, the section
introduces the contributions of the papers on which these chapters are based. For the
papers, I highlight the work done by my co-authors. The content of the papers that is
not explicitly mentioned as provided by others is my contribution.

• Chapter 2 analyzes the current state of the art of active learning (AL) w.r.t. to
dimensions that were under-explored: Data distribution (diverse vs. redundant),
size of acquired batch size (low high), and application to different data domains
(medical, car). The chapter shows that different combinations of these dimensions
require different kinds of acquisition functions (batch-based vs. single sample se-
lection). Given that the current state of the art highly optimizes its methods on
the high diversity distribution and high budget use case, the gained insights help
steer the field towards more realistic benchmarks (of which this work proposes one)
and enable the development of more suitable approaches. Since the purpose of ac-
tive learning is to reduce manual labeling efforts, the integration of semi-supervised
learning is an interesting extension. This research investigates the integration of
SSL into different types of AL functions under the given redundancy and batch size
variations. It also identifies the best combinations and provides theoretical back-
ground for the synergistic effects observed in the integration of SSL with certain
types of AL functions. The general results of this work are novel best practices for
the field of active learning and semi-supervised learning. This chapter is derived
from my previously published works, specifically "Best Practices in Active Learning
for Semantic Segmentation"[158], which won the best paper award at GCPR 2023,
and "Realistic Evaluation of Deep Active Learning for Image Classification and Se-
mantic Segmentation"[159]. This work was created in cooperation with Sudhanshu
Mittal, who is an equal contribution co-author in these papers. We co-designed
the scenarios and experiments and co-wrote the paper. My contributions had a
stronger emphasis on identifying a more realistic evaluation of AL in real-world sce-
narios containing different levels of redundancies, and his contributions came from
the perspective of integrating SSL in high and low-budget scenarios.

• Chapter 3 provides the most extensive overview of the rapidly growing field of
unsupervised domain adaptation (UDA), and it reflects the current direction of the
field. This part of the thesis is based on the paper "Survey on Unsupervised Do-
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1.3 Contributions

main Adaptation for Semantic Segmentation for Visual Perception in Automated
Driving"[201] that is the result of a collaboration with my equal contribution co-
authors Manuel Schwonberg and Jan-Aike Termöhlen. My focus was on the feature
space adaptation methods, Manuel focused on the output space adaptation, and
Jan-Aike focused on the output space adaptation. Building on the overview of the
UDA research field coming from the survey, this thesis provides several novel ap-
proaches with applications in medical image analysis and autonomous driving. The
work presented in this context is based on the papers "Combining Semantic Self-
Supervision and Self-Training for Domain Adaptation in Semantic Segmentation"
[165] and "Overcoming the Sensor Delta for Semantic Segmentation in OCT Im-
ages"[168]. This work designs and analyzes a feature space adaptation method that
is based on clustering the target domain feature space representations towards their
corresponding class centroids in the source domain. Contributions were made by
Jan Ehrhardt and Jörg P. Schäfer, who helped edit the final papers. Jan Ehrhardt
helped in the design of the medical experiments by, among other things, providing
and selecting the necessary medical data. This thesis builds on this approach, fo-
cusing on overcoming the appearance gap between synthetic and real data. That is
because synthetic data does not require human labeling, and the generation process
can be controlled to yield relevant scenarios. Therefore, this work provides a low-
complexity method for this scenario and analyzes the effects of this method on the
generalization to real-world data. The content presented in this thesis is based on
the paper "Domain Adaptation and Generalization: A Low-Complexity Approach"
[166]. Contributions were made by Jörg P. Schäfer, who helped in editing the final
paper.

• Chapter 4 explores the creation of synthetic data itself. Synthetic data can be
created utilizing different strategies: 1. Simulation engines 2. Generative models.
The chapter provides strategies for utilizing these options optimally. For simulation
engines, the thesis showcases how to construct acquisition functions that score the
value of generated synthetic data for training a model for a specific target domain.
This content is derived from the previously published work "Synthetic Dataset Ac-
quisition for a Specific Target Domain"[169]. Sudhanshu Mittal is a co-author, who
helped with the implementation and execution of the experiments. For genera-
tive models, this thesis contributes a novel method to guide the generation process
directly to generate images that represent missing parts of the original training
distribution. The content presented in this thesis is based on the paper "TSynD:
Targeted Synthetic Data Generation for Enhanced Medical Image Classification"
[170, 172], which won the best paper award at the "Simulation and Synthesis in
Medical Imaging" workshop at MICCAI 2024 and the best Poster Award at BVM
2025. Co-authors include Jan Ehrhardt and Hristina Uzunova. They helped select
and train the auto-encoder model, execute the experiments, and write the paper.
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Chapter 1 Introduction

• In Chapter 5, this thesis leverages generative models and semi-supervised learning
to achieve a trained model that generalizes well to unseen domains. The chapter
contributes a novel approach that shows how to utilize synthetic data created by
simulation engines and generative models to transform such data into a more real-
istic and diverse distribution. The work utilizes methods of unsupervised domain
adaptation to leverage the created synthetic data to train models that set a new
benchmark in the task of domain generalization. This chapter is derived from my
previously published works, specifically "Generalization by Adaptation: Diffusion-
Based Domain Extension for Domain-Generalized Semantic Segmentation" [171].
Co-authors include Jan-Aike Termöhlen and Manuel Schwonberg, who helped run
the experiments and write and edit the paper.

• Chapter 6 provides a summary and reflection of the achieved contributions for
solving the problems of adapting and generalizing to new domains and distributions
by optimizing synthetic and real training data distributions for deep learning in
image recognition. Finally, given the new state, this work proposes future work.

Figure 1.2: Chapters addressing challenges 1 and 2 with SSL, AL and synthetic data.
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Chapter 2

Optimizing Real Datasets with Active
and Semi-Supervised Learning

This chapter is partially derived from my previously published works, specifically
"Best Practices in Active Learning for Semantic Segmentation" [158] and "Realistic
Evaluation of Deep Active Learning for Image Classification and Semantic Segmenta-
tion"[159]. Some text, figures, and findings have been re-utilized or adapted from these
publications. Co-Authors of these Publications are Sudhanshu Mittal, Jan Ehrhardt,
Özgün Çiçek, Maxim Tatarchenko, Jörg P. Schäfer, Heinz Handels and Thomas Brox.

2.1 Introduction and Motivation

Deep Neural Networks (DNNs) require annotated datasets for training. In the first
step, the annotation process requires recording sensor data that can be labeled. There-
fore, car manufacturers build large unlabeled pools of data from measurement cam-
paigns or the live operation of their car fleet. Similarly, image data from hospitals or
medical practices can be recorded and saved into such data pools to build a foundation
for creating real-world datasets for training DNNs. In both cases, and especially in
the case of medical images, annotation is costly. In the case of medical images, it can
only be done by professionals (c.f. problem 1 on Chapter 1). Therefore, only a frac-
tion of the recorded data can and should be annotated. This restriction of annotating
only a subset from the data pool makes the selection process that determines this sub-
set crucial. This chapter deals with active learning (AL), which allows the selection
of the most relevant data points to reduce the manual annotation effort. Addition-
ally, this chapter explores how the non-selected part of the given data pools can be
utilized through unsupervised training. Therefore, this chapter additionally explores
semi-supervised learning (SSL).

Active learning (AL): Figure 2.1 on page 10, which depicts the active learning cir-
cle, illustrates the general principle of active learning. A subset selection is performed
based on the pool of unlabeled data. The subset is then annotated, and the model
can be trained. Active learning (AL) is the selection of relevant data for annotation.
This general process leaves the question of selecting the relevant data from the set of
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Chapter 2 Optimizing Real Datasets with Active and Semi-Supervised Learning

Figure 2.1: The active learning circle: The DNN is trained on the existing labeled data set.
The unlabeled data is analyzed and scored by the acquisition function. An image’s
score reflects the value of training the DNN on it. The acquisition function selects
a batch of images, which are then manually labeled and added to the training
set. Given the updated training set, the circle starts again.

unlabeled data for annotation. The active learning literature describes approaches to
create an intelligent selection of data [159]. The aim is to define a so-called acquisition
function that selects the images/data points from the unlabeled data pool that are the
most relevant w.r.t. the current state of the DNN. Most relevant, in most cases, means
that the subset of data yields the most significant improvement in performance for the
DNN when it is labeled and added to the existing labeled training set. The acquisition
function selects a batch of b data points (images) in each iteration of the circle. The
AL circle is performed until the global labeling budget of B is exhausted.

Semi-supervised learning (SSL) allows the utilization of unlabeled data for train-
ing neural networks. During SSL, the subset chosen by utilizing AL is used for super-
vised training, and the remaining unlabeled subset is used for unsupervised training.
Such unsupervised training can consist of, e.g., the utilization of self-inferred labels.

Hence, both AL and SSL reduce the manual annotation effort. Therefore, they
provide a solution for the first challenge identified in Chapter 1. This chapter first in-
troduces the fundamentals of active learning and semi-supervised learning. The second
part of the chapter provides an analysis of the integration of these tools. It analyzes
how AL and SSL interact with each other while using different types of data distri-
butions and annotation budgets. This chapter investigates the application of medical
image processing and the environment perception of autonomous vehicles. Small an-
notation budgets are an especially interesting use case for medical image processing,
as costly medical professionals must be employed for annotation. When annotating
datasets for the environment perception of self-driving cars, data distributions are usu-
ally redundant, but the annotation budget is larger. This chapter results in new best
practices for integrating AL and SSL in a variety of relevant real-world scenarios.
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2.2 Active Learning: Acquisition Functions

Figure 2.2: Illustration of the two major objectives for the acquisition function to select im-
ages from the unlabeled distribution. 1. The selected images should represent
a missing part of the training distribution. The epistemic uncertainty is high if
the network is applied to samples that were not part of the training distribution.
2. Each image in the selected batch should represent new information w.r.t. the
other selected images, resulting in diverse batch.

2.2 Active Learning: Acquisition Functions

There are two main objectives that are relevant in scoring the value a data point
contributes to the training distribution when labeled and added:

1. It should represent a missing part of the training distribution

2. It should be unique w.r.t. to the other samples selected in the current batch

Single sample acquisition functions: Select the top b samples (images) individ-
ually. The relevance score of the given data point is computed independently of the
other already selected samples. Such a score is usually an estimate of the epistemic un-
certainty [100]. The epistemic uncertainty measures how well a given data point is
represented in the training distribution. As Figure 2.2 indicates, a trained DNN, there-
fore, yields a low epistemic uncertainty for images represented in the given training
distribution and a high epistemic uncertainty for novel data that was not represented
in the training distribution. The epistemic uncertainty of a model can be reduced by
adding the data that was not yet represented in the training distribution. This dis-
tinguishes it from aleatoric uncertainty (data uncertainty), which measures the given
data’s ambiguity and can not be reduced by adding more data. Epistemic uncertainty,
hence, is a measure of the first point of the desired features of an acquisition function.

The simplest single sample selection methods utilize the entropy [205] over the out-
put probabilities to score the epistemic uncertainty. Even though it does not provide a
good measure of epistemic uncertainty from a theoretical point of view, it often provides
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Chapter 2 Optimizing Real Datasets with Active and Semi-Supervised Learning

a strong baseline as a score for the acquisition function. Further methods that esti-
mate the epistemic uncertainty based on the output probabilities include EquAL [64],
Ensemble+AT [112], CEAL [240]. Methods like BALD [76] and DBAL [54] use Monte
Carlo Dropout [53] (MCD) to estimate the epistemic uncertainty. The MCD method
is motivated by Bayesian deep learning and represents a better approximation of the
epistemic uncertainty. Methods like DAAL [243], VAAL [212], and WAAL [209] select
the most representative samples, i.e., samples that are not covered by the training
distribution. To score this representativeness, they, e.g., utilize an auxiliary network
trained in an adversarial manner. This work utilizes the approaches Entropy, EquAL,
and BALD to represent single-sample acquisition methods. Section 2.4.4 further de-
scribes their methodology and implementation.

A problem that arises from selecting samples independent of each other is that
samples with redundant information might be selected. Given the current state of the
DNN trained on the labeled set, the epistemic uncertainty will be similar for similar
images. Given two similar image, if the score is high for one, it is high for the other, as
well, and therefore, both are selected, which leads to the selection of redundant images.
As Figure 2.2 on page 11 illustrates, single-sample acquisition functions would hence
select clusters of images. A data pool with many redundant samples to select from
results in the selection of redundant samples. This problem of redundant selection is
also known as the mode collapse problem. In theory, it could be solved by updating
the DNN’s uncertainties through retraining after each new image is selected. Due to
the large datasets required and hardware constraints, this solution is not feasible.
Batch-based acquisition functions aim to mitigate the mode collapse problem.

Batch-based acquisition functions: compute a cumulative information gain
score of the whole batch of b selected samples. Since redundant samples do not increase
the information gain, unique samples are selected. This way, batch-based acquisition
functions address the second objective of acquisition functions (c.f. Figure 2.2 ).

Sener et al. introduced the CoreSet [203] approach for selecting diverse batches.
The CoreSet algorithm selects new samples with respect to the already selected set by
minimizing the distance to the farthest neighbor. The distance is hereby computed
based on the latent space representations of the samples in the trained DNN. The
BatchBALD [107] approach computes the joint mutual information between the whole
batch and the model parameters. The k-MEANS++ [288] approach utilizes the k-
means approach to compute the b cluster centers representing the unlabeled data. The
closest samples to the respective b cluster centers are chosen. Further methods include
GLISTER [101] and ADS [96]. This work selects the Coreset method to represent
batch-based methods due to its effectiveness, simplicity, and easy scalability to the
segmentation task (see Section 2.4.4 for further details).

The problem with batch-based methods, generally speaking, is the combinatorial
explosion that occurs when selecting a subset of b samples from a pool of |XU | unla-
beled samples. The number of possible batches that can be selected and hence have to
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be scored is given by
(|XU |

b

)
. Scoring each of these

(|XU |
b

)
combinations is computation-

ally infeasible. Therefore, the described batch-based approaches estimate the optimal
solution for the batch’s cumulative information gain using greedy algorithms.

Active learning in semantic segmentation: When applied to semantic segmen-
tation, active learning methods must choose which area of the image is to be considered
for the acquisition: the full image [212], superpixels [13], polygons [64, 157], or each
pixel [208]. There is no common understanding so far of which approach is cheaper
and more effective. Thus, this work uses the straightforward image-wise selection and
annotation procedure.

Most existing methods for segmentation are based on the model’s uncertainty for the
input image, where the average score over all pixels in the image is used to select top-b
images. Entropy [205] (estimated uncertainty) is a widely used active learning baseline
for selection. This function computes per-pixel entropy for the predicted output and
uses the averaged entropy as the final score. EquAL [64] determines the per-pixel
uncertainty based on the consistency of the prediction on the original image and its
horizontally flipped version. The average value over all the pixels is used as the final
score. BALD [76] is often used as a baseline in existing works. It is employed for
segmentation by adding dropout layers in the decoder module of the segmentation
model and then computing the pixel-wise mutual information using multiple forward
passes. Coreset [203] is a batch-based approach that was initially proposed for image
classification, but it can be easily modified for segmentation. The pooled output of the
ASPP [19] module (part of the encoder) in the DeepLabv3+ [20] model can be used
as the feature representation for computing the distance between the samples. Some
other methods [103, 209, 212] use a GAN model to learn a combined feature space for
labeled and unlabeled images and utilize the discriminator output to select the least
represented images. The experiments include Entropy, EquAL, BALD, and Coreset
approaches for the analysis, along with the random sampling baseline. In this work,
these methods are also studied with the integration of semi-supervised learning.

2.3 Semi-Supervised Learning

Active learning is not the only way of reducing the labeling effort. Training supervised
on the labeled subset and parallelly utilizing the unlabeled data pool through unsu-
pervised learning has the same effect. This training strategy is called semi-supervised
learning. Figure 2.3 on page 14 illustrates the clustering assumption of SSL. Accord-
ing to the clustering assumption of SSL, if two points belong to the same cluster, then
their outputs are likely to be close and can be connected by a short curve [15]. Given
a labeled sample for a cluster, the label information can be extended to the other
samples of the same cluster (c.f. Figure 2.3).
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Figure 2.3: Illustration of the clustering assumption of semi-supervised learning: The data
distribution consists of labeled and unlabeled data points (images). The assump-
tion is that the data is distributed in clusters. If the label of one image is known,
the labels of the other image from this cluster can be inferred. Unsupervised
learning becomes possible by utilizing these pseudo-labels.

Different types of methods exist to compute this label extension. Self-training utilizes
the predictions of a trained neural network on the unlabeled pool of data as so-called
pseudo-labels. The difficulty is to figure out which pseudo-labels are correct and which
must be ignored. The simplest way is to filter according to the classifier uncertainty,
which could, for example, be the confidence or the entropy over the class probabilities.
Wang et al. [250] further introduce a mean teacher network for computing more reliable
pseudo-labels. Feature Space Alignment is another commonly used method for semi-
supervised learning. Here, the aim is to match the feature representation of labeled and
unlabeled data. The same class should have the same feature statistics in the labeled
and unlabeled distribution. The difficulty here is to match the class distributions even
though the class is unknown for the unlabeled set. Wang et al. [250] employ contrastive
learning for the feature space alignment, and Mittal et al. [156] employ a generative
adversarial optimization. For further details on SSL methods, refer to Chapter 3,
which discusses SSL methods in the context of adapting between data domains.

Integration of semi-supervised learning into active learning: SSL offers the
possibility of utilizing the unlabeled pool during AL. Therefore a combination of active
learning and semi-supervised learning makes sense and has been e.g. applied in speech
understanding (c.f. [45, 99]), in image classification (c.f. [56, 157, 161, 203]) or pedes-
trian detection (c.f. [187]). The combination of semi-supervised and active learning
has recently been applied to segmentation. However, these works’ scope was limited to
special cases like subsampled driving datasets [186] or low labeling budget [157]. These
approaches have in common the utilization of single-sample acquisition functions.

The previously described clustering assumption of SSL (c.f. Figure 2.3) indicates
that the performance of the unsupervised training on the unlabeled data depends on
the selection of the labeled data. If the labeled distribution includes labeled data
from many unlabeled data clusters, applying SSL becomes possible. Therefore, newly
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Table 2.1: This work explored active learning (AL) techniques for semantic segmentation
across three key dimensions: dataset distribution, annotation budget, and the
incorporation of semi-supervised learning (SSL-AL). Newly investigated scenarios
are highlighted in green cells, while gray cells represent settings examined in prior
AL research. This work aims to serve as a guide for utilizing AL across all depicted
conditions.

Dataset↓ Annotation Budget
Low High

Supervision → AL SSL-AL AL SSL-AL
Diverse ✓ ✓ ✓ ✓

Redundant ✓ ✓ ✓ ✓

selected samples during AL must cover many unlabeled clusters not already covered
by labeled set or already selected samples. Only acquisition functions that foster this
coverage requirement have the potential to leverage the additional benefits that arise
from the integration of semi-supervised learning. Batch-based methods like Coreset
optimize for this property, whereas single-sample acquisition functions might fall into
the mode-collapse problem. The experiments evaluate the integration of different types
of SSL functions into AL.

2.4 Evaluating and Comparing Active Learning Methods

In the current literature, active learning approaches for semantic segmentation are
usually compared and evaluated in very specific scenarios. Table 2.1 shows that mostly
highly diverse benchmark datasets are chosen with a comparatively large annotation
budget b (gray settings). This chapter analyses the current state of the art in active
learning with three questions in mind:

1. How do different active learning methods perform when the dataset
has many redundant samples? In this case, redundant samples refer to the re-
dundant information between the images in a dataset. A video with many consec-
utive frames would, e.g., be considered redundant. Datasets like Cityscapes [36],
CamVid [11] or BDD100k [272] are the results of a curation process to eliminate most
of the redundancies, which can be viewed as a sort of manual annotation process, also.
However, these diverse distributions are still commonly used to evaluate active learning
approaches.
2. What happens when the initial unlabeled pool is also used for training
along with annotated samples using semi-supervised learning (SSL)? The in-
tegration of SSL into active learning and how it interacts with different AL approaches
and different types of distributions is understudied for the task of semantic segmenta-
tion.
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Figure 2.4: Top: creation of the A2D2 Pool-Xf by selecting consecutive frames. Bottom:
creation of the Pool-Aug by cropping and color augmentation.

3. What happens when the annotation budget is low? Which methods
scale best in such low-budget settings? Semantic segmentation is an especially
expensive task to annotate. This high cost for annotation is especially true for appli-
cations requiring annotation specialists, such as medical image processing. Therefore,
the annotation budget b is low in these scenarios, so it is important to understand this
parameter’s influence on the different AL approaches.

This work, therefore, creates specialized experimental settings for all of these ques-
tions. The following section shows how the respective dataset settings are created, what
metrics are utilized, and how the AL and SSL settings are generally implemented.

2.4.1 Datasets

Cityscapes [36] is a driving dataset for benchmarking semantic segmentation ap-
proaches. It was compiled from videos recorded in 27 cities (see Figure 2.5). For
annotation, a diverse selection of images was chosen. Due to this selection, it is con-
sidered "diverse," even though it was compiled from videos.

PASCAL-VOC [52] is another widely used segmentation dataset that is utilized in
this study. The experiments use the extended version of the dataset, comprising 10,582
training images and 1,449 validation images. This dataset presents a broad spectrum
of natural images featuring a mix of categories such as vehicles, animals, furniture,
and more. It is the most diverse dataset examined in this study.

A2D2 [62] is a driving dataset comprising 41,277 annotated images sourced from 23
sequences. It includes highways, country roads, and scenes from three distinct cities. In
the experiments, the 38 categories in A2D2 are mapped to the 19 classes of Cityscapes.
Notably, A2D2 offers annotations for approximately every 10th frame within each
sequence, resulting in significant redundancy between frames. For training data, 40,135
frames were extracted from 22 sequences, reserving one sequence containing 1,142
images for validation. The validation sequence, ′20180925_112730′, is selected based
on achieving the maximum class balance among the available options.
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Figure 2.5: Left: examples of the BCSS dataset. Right: examples of the Cityscapes dataset.

A2D2-Pools: Subsampling the A2D2 dataset creates five smaller dataset pools to
obtain a more continuous spectrum between diverse and redundant datasets. Each
pool comprises 2640 images comparable to the Cityscapes training set. Four pools
are curated by subsampling the original dataset, while the fifth pool is created by
augmentation. Figure 2.4 shows the curation process. The first four pools, denoted
by Pool-Xf (where X is 0, 5, 11, and 21), were created by randomly selecting samples
and X consecutive frames for each randomly selected sample from the original A2D2
dataset. Pool-0f contains only randomly selected images. The assumption is that
the consecutive frames contain highly redundant information. Therefore, the pool
with more consecutive frames has higher redundancy and lower diversity. The fifth
pool, Pool-Aug, contains augmented duplicates instead of consecutive frames. Five
duplicates of each randomly selected frame are created by randomly cropping 85% of
the image and adding color augmentation.

BCSS [2] Breast Cancer Semantic Segmentation is a dataset comprised of tissue
regions from breast cancer images obtained from the Cancer Genome Atlas (TCGA).
For annotation, 151 whole-slide images (WSIs) were used, cropped into RGB images
with a resolution of 512x512 pixels for the experiments (see Figure 2.5). The resulting
training set comprises 6,000 images, and the validation set comprises 2,768 images.
The training dataset includes 22 initial classes that are mapped to 5 classes in the
experiments, a common practice due to the sparse representation of many categories.
The final classes are Tumor, Stroma, Inflammatory, Necrosis, and Other. The resulting
distribution is redundant because the dataset is derived from only 151 WSI images.
This redundancy is a typical scenario in medical datasets, where data pools for anno-
tation are often obtained from only a few patients and generally show little variation
in anatomy.

Diverse vs. Redundant datasets: PASCAL-VOC can be easily tagged as diverse,
and the BCSS, the A2D2 original data, and A2D2-Pool-5f/11f/21f can be tagged as
redundant. However, assigning a redundant/diverse tag to many datasets at the middle
of the spectrum is difficult. Cityscapes and A2D2-Pool-0f fall in this spectrum since
they are curated by sparsely selecting from large video data. The study considers
these datasets diverse since they behave like diverse datasets. Quantifying dataset
redundancy is a novel research question that emerged with this work and remains part
of future work.
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2.4.2 Metrics

The Intersection over Union (IoU), which is referred to as the Jaccard index in medical
image processing, is a score for the segmentation quality. Given the class k, the
Intersection over Union (IoU) is defined as:

IoUk = TPk

TPk + FPk + FNk
(2.1)

Where TPk is the number of true positive predictions, FPk is the number of false
positive predictions, and FNk is the number of false negative predictions for class k.
The Mean Intersection over Union (mIoU) is then defined as the mean IoU over the
classes: mIoU = 1

K

∑K
k=1 IoUk, where K is the number of classes. The Dice score is a

similar score for the segmentation quality and can be computed as follows:

Dicek = 2 · TPk

2 · TPk + FPk + FNk
(2.2)

Compared to the IoU it puts a stronger emphasis on the correctly segmented regions.
During active learning, ρ percent of the unlabeled data XU , which is equivalent to a

number of b samples, are acquired in each step of the active learning circle (c.f. Figure
2.1 page 10). This data is labeled and added to the training distribution. At each step,
the mIoU of the retrained model is computed. An example for the curves that result
can be seen in Figure 2.7 (see page 24). The area under the curve (AUC) is used to
evaluate the performance of an active learning method. The AUC is computed after a
certain percentage B of the unlabeled pool is acquired. This metric is abbreviated by
AUC@B.

AUC@B =
NAL−1∑

n=1

(
ρn+1 − ρn

)(
mIoUn + mIoUn+1

)
2 , ρNAL

= B (2.3)

NAL is the number of AL acquisition steps. The model’s mIoU at step n is expressed
by mIoUn. The percentage of the acquired data at AL step n is denoted by ρn. The
final percentage ρNAL

is hence equal to B. Usually, B is chosen as 50%. Alternatively,
also the mIoU, after a certain percentage ρn (usually 30%) of the unlabeled dataset
was acquired, is computed. This metric is termed mIoU@B.

2.4.3 Evaluation Scheme

In the experiments, different budget settings for AL are analyzed. ρ0 denotes the initial
label budget (percentage of XU ) sampled randomly. ρ is the percentage of the dataset
sampled from the unlabeled pool in each acquisition. Here, the AL functions are
applied. Therefore, ρ0 − ρ denotes the setting of an experiment. For the experiments
on the different A2D2 pools, the configuration of global budget B = 50% and ρ0−ρ as
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10− 10 is chosen. The same setting was applied to the experiments on the Cityscapes
dataset. For the PASCAL-VOC dataset, the focus is also on low-budget settings. B
can, therefore, be 2,5 and 10 and ρ0 − ρ 2-2, 5-5, and 10-10 settings, respectively.
Similarly, the experiments for the medical BCSS dataset focus on the low-budget
setting. Therefore, B is 5, and ρ0 − ρ is 1-1 in this case.

2.4.4 Implementation

The experiments described in this chapter were done using the following setup. For the
segmentation architecture, the experiments relied on the DeepLabv3+ [20] architecture
with a WideResNet38[253] backbone. The WideResNet38 backbone is more efficient
and yields better performance for segmentation. This setup yielded state-of-the-art
performance for semantic segmentation. The network was initialized with ImageNet
[38] pre-trained weights.

This work tests five active learning acquisition functions: Random, Entropy, EquAL,
BALD, and Coreset. Here, the Entropy, EquAL, and BALD approaches represent
single-sample, and Coreset represents the batch-based approach. All methods select
the whole image for annotation. These methods are further described below, along
with the segmentation-specific changes.

• Random: The samples are selected randomly for annotation from the unlabeled
pool.

• Entropy [205]: This acquisition function uses per-pixel entropy as an estimation of
the epistemic uncertainty (U) for the predicted output y. The entropy is computed
over the class predictions yk,i, where k ∈ K are the possible classes and K is the
number of classes.

H(yi) = −
K∑

k=1
yk,i log yk,i (2.4)

The final score for selection is the average entropy over the number of pixels i ∈ I.

U(y) = 1
N

N∑
i=1

H(yi) (2.5)

This method selects all b top-scoring images.

• EquAL [64]: The EquAL approach determines the uncertainty (U) based on the
self-consistency between the prediction on the original image y and the prediction
on its horizontally flipped version ỹ. The average uncertainty value over all the
pixels is used as the final score.

U(yi, ỹi) =
K∑

k=1
H(yk,i) +

K∑
k=1

H(ỹk,i) (2.6)
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The experiments use the EquAL implementation, which trains using only cross-
entropy loss to keep the baselines comparable.

• BALD: [76] The BALD approach is based on a Monte Carlo Dropout network to
compute the pixel-wise Mutual Information of the classification. The implementa-
tion employs dropout layers with a dropout ratio of 10% in the decoder layer and,
during inference, compute 10 passes that result in yr (where r = 1...10) predictions
per image. The Mutual Information (MI) is then computed as follows:

MI(y) = H
(
Er[y(r)]

)
− Er

[
H

(
y(r))]

, (2.7)

Where Er[y(r)] is the mean predicted probability over the 10 stochastic forward
passes, and Er[H(y(r))] is the mean entropy over the individual forward passes.

• Coreset: [203] The Coreset approach selects a batch of samples that cover the whole
data distribution. It formulates this batch selection as a robust b-center selection
problem. Coreset implements a greedy algorithm that iteratively selects unlabeled
samples with maximum distance to the nearest neighbor of the so far selected sam-
ples. This work utilizes the b-center greedy approach since it is much faster and
only performs slightly worse than the robust formulation. The experiments use the
ASPP module output in the DeepLabv3+ [20] model as the feature representation.
Formally, the selection of a new sample x∗ from the set of unlabeled images XU can
be defined as:

x∗ = arg max
xu∈XU

min
xs∈XS

d(fenc(xu), fenc(xs)) (2.8)

d(fenc(xu), fenc(xs)) is the distance between the feature representations fenc(xu)
and fenc(xs). Hence, fenc refers to the encoder mapping an image to the feature
representations. The set xs ∈ XS represents the already selected images, and xu ∈
XU the unlabeled images.

• MCD setting: Since the BALD method requires the introduction of dropout layers
into the architecture, the experiments segregate the methods into two categories:
With Monte Carlo Dropout (MCD) and without Monte Carlo Dropout layers. Ran-
dom, Entropy, EquAL, and Coreset are without MCD. BALD and Coreset-MCD are
based on MCD. The experiments compare methods in each category separately due
to different architectures. The analysis includes the fully-supervised performance,
referred to as ‘100%’ in the result tables, both with (100% MCD) and without MCD
(100%) architectures.

Semi-supervised Learning To leverage the unlabeled samples, the experiments
use the semi-supervised learning s4GAN method [156]. It uses adversarial training to
align the labeled and unlabeled data distribution and further uses self-training based
on the GAN discriminator score. This work paired all the active learning approaches
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2.5 Results

Table 2.2: Active learning results on Cityscapes, A2D2 Pool-0f, PASCAL-VOC. AUC@50 and
mIoU@30 metrics are reported. A denotes the acquisition function type. S and B
denote the single-sample and batch-based acquisition.

A AL Method SSL Cityscapes A2D2 Pool-0f VOC 5-5 VOC 10-10

Metric → mIoU AUC mIoU AUC mIoU AUC mIoU AUC

S Random ✗ 58.90 23.29 48.48 19.20 70.70 13.92 72.13 28.85
S Entropy ✗ 61.83 24.25 52.40 20.37 70.38 13.94 73.72 29.10
S EquAL ✗ 62.41 24.32 52.50 20.35 69.14 13.82 73.40 29.03
B Coreset ✗ 60.89 23.89 51.14 19.88 70.85 13.96 73.63 29.06
S Random-SSL ✓ 60.72 23.85 49.69 19.60 72.57 14.36 75.33 29.87
S Entropy-SSL ✓ 60.61 23.93 50.80 19.90 73.36 14.51 76.08 30.01
S EquAL-SSL ✓ 60.26 23.96 51.08 20.02 73.39 14.55 75.89 30.06
B Coreset-SSL ✓ 63.14 24.47 51.49 20.02 72.88 14.46 75.91 30.03

- 100% ✗ 68.42 27.37 56.87 22.75 77.00 15.40 77.00 30.80

with SSL using this approach. This is marked by the suffix ‘-SSL’ in the experiments.
In particular, the model is trained using an SSL objective, which impacts the resulting
model and, hence, the acquisition function.

2.5 Results

This section analyzes the results of the experimental setup described in the previous
section. The first subsection analyzes the influence of a dataset’s redundancy on the
effectiveness of different kinds of AL acquisition functions. The following subsection
deals with the integration of SSL into the AL process and how the different types of
AL acquisition functions interact with it under different types of distributions. Section
2.5.3 investigates the influences of small-scale annotation budgets, a scenario especially
relevant for medical image processing. Finally, Section 2.5.4 derives a new benchmark
from the insights of the preceding experiments to cover settings underexplored in the
current AL literature.

2.5.1 Single-sample vs. Batch-based Active Learning

How do different active learning methods perform when the dataset has
many redundant samples? For this comparison, the supervised-only setting is
first considered. Table 2.2 and Figure 2.7 (see page 24) show the results for the
Cityscapes datasets and the A2D2 Pool-0f. Given the supervised-only setting, the
single sample (S) EquAL approach performs best in both scenarios. The results on
the PASCAL-VOC 5-5 and 10-10 scenarios are also given in Table 2.2. For the 10-10
setting, the single sample acquisition functions obtain the best results. The batch-
based (B) Coreset approach performs the best on the 5-5 setting. There, however,
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Table 2.3: Active learning results on A2D2-Pool5f, A2D2-Pool11f, A2D2-Pool-21f, and A2D2-
PoolAug. AUC@50 and mIoU@30 metrics are reported. S and B denote the
single-sample and batch-based acquisition, respectively.

A AL Method SSL Pool-5f Pool-11f Pool-21f Pool-Aug

Metric → mIoU AUC mIoU AUC mIoU AUC mIoU AUC

S Random ✗ 47.58 18.69 44.61 17.76 44.52 17.67 43.80 17.15
S Entropy ✗ 49.96 19.48 47.43 18.52 46.08 18.21 44.51 17.33
S EquAL ✗ 49.50 19.29 47.14 18.44 46.32 18.18 44.24 17.29
B Coreset ✗ 50.08 19.44 47.72 18.69 46.68 18.38 44.70 17.54
S Random-SSL ✓ 47.92 19.03 45.25 18.02 46.27 18.19 44.17 17.29
S Entropy-SSL ✓ 48.78 19.31 47.53 18.56 46.93 18.43 44.50 17.47
S EquAL-SSL ✓ 48.80 19.28 46.50 18.39 47.11 18.54 44.81 17.56
B Coreset-SSL ✓ 50.44 19.69 48.99 19.01 47.62 18.69 45.81 17.74
- 100% ✗ 53.25 21.30 48.85 19.54 49.23 19.69 46.03 18.41

With MC-Dropout decoder

S BALD ✗ 50.40 19.29 47.85 18.74 46.78 18.57 45.53 17.80
S BALD-SSL ✓ 50.33 19.62 47.34 18.61 47.06 18.57 45.16 17.72
- 100%-MCD ✗ 53.82 21.53 50.86 20.34 50.43 20.17 46.62 18.65

is only a marginal gap compared to the random baseline. The results on redundant
datasets are shown in Table 2.3 and in the lower part of Figure 2.7. The batch-based
Coreset approach consistently performs best in the supervised-only setting for all four
datasets.

Given these results, it can be deduced that datasets with a diverse distribution al-
ready allow for single-sample-based methods. Datasets with a redundant distribution,
however, require batch-based methods. This effect can be attributed to the mode col-
lapse problem (see Section 2.2). A qualitative analysis can be seen in Figure 2.6. The
figure shows that the redundant dataset possesses local clusters of data. The data in
these clusters is redundant w.r.t. their information. If one sample of the cluster is
selected, the rest of the cluster is likely to be selected, too. The batch-based corset
method prevents the mode collapse problem. Diverse datasets have fewer such clus-
ters. It is, hence, even a priori unlikely to select redundant information. Therefore,
an acquisition function does not explicitly need to take the diversity of samples as an
objective into account.

Since redundant datasets, such as the A2D2 Dataset, are a common result of mea-
surement campaigns, the mode collapse (see Section 2.2) is likely to occur in real-world
active learning applications. The AL literature mostly utilizes datasets like PASCAL-
VOC or Cityscapes, which are considered diverse. The results show that testing and
comparing AL methods on such distributions is an unrealistic setting.
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Figure 2.6: T-SNE plots of (a) Coreset and (b) Entropy functions for A2D2 Pool-21f. The
yellow points are feature representations from the unlabeled set, and the violet
points are the acquired points. The batch-based approach has good selection cov-
erage, whereas the single-sample approach selects similar samples from clusters.
Figure (c) shows acquired redundant samples from the violet clusters in (b).

2.5.2 Integration of Semi-Supervised Learning with AL

Table 2.2 and Table 2.3 show the results of integrating semi-supervised learning into
the different active learning methods. For the redundant datasets (c.f. Table 2.3),
Coreset-SSL achieves the best results. There is no consistently best active learning
approach for the diverse datasets, but in general, the integration of SSL is helpful (c.f.
Table 2.2). For the PASCAL-VOC dataset, the combination of single-sample-based
methods with SSL achieve the best results. For the Cityscapes dataset, the batch-
based Coreset-SSL is the best approach. In the case of the A2D2-Pool0f, Coreset-SSL
is better than Coreset. However, the best results are obtained by the single-sample
acquisition functions Entropy-SSL and EquAL-SSL.

Why is the integration of semi-supervised learning into batch-based active
learning especially effective? The batch-based Coreset active learning approach
always improves with the integration of SSL. The objective of creating a diverse and
meaningful batch aligns well with SSL. According to the clustering assumption of SSL
[15], if two points belong to the same cluster, then their outputs, or, in this case,
labels, are likely to be similar. The selection and labeling of samples from many
clusters allows for utilizing SSL to train unsupervised (e.g., by pseudo-labeling) on the
other samples of these clusters. The Coreset approach creates a selection that better
represents the global distribution. Since single-sample based acquisition functions often
fall into the mode collapse problem and hence select samples from fewer clusters, fewer
clusters can be utilized for semi-supervised learning. In the A2D2 pools, this effect
is especially strong. Coreset-SSL is always better than Coreset and shows the best
performance. Except for PASCAL-VOC, integrating SSL into single sample methods
is either ineffective or harmful. In Pool-11f, Coreset-SSL with 30% of the data sampled
is even better than the supervised training with 100% of the data. This observation

23



Chapter 2 Optimizing Real Datasets with Active and Semi-Supervised Learning

10 20 30 40 50
48

52

56

60

64

68

% of Labeled Dataset

m
Io
U
(%

)

Random
Entropy
EquAL
Coreset

BALD*
Random-SSL
Entropy-SSL
EquAL-SSL
Coreset-SSL

BALD-SSL*
Full

Full-MCD*

(a) Cityscapes

10 20 30 40 50

40

42

44

46

48

50

52

54

56

58

% of Labeled Dataset

m
Io
U
(%

)

Random
Entropy
EquAL
Coreset

BALD*
Random-SSL
Entropy-SSL
EquAL-SSL
Coreset-SSL

BALD-SSL*
Full

Full-MCD*

(b) A2D2:Pool-0f

10 20 30 40 50
39

41

43

45

47

49

51

% of Labeled Dataset

m
Io
U
(%

)

Random
Entropy
EquAL
Coreset

BALD*
Random-SSL
Entropy-SSL
EquAL-SSL
Coreset-SSL

BALD-SSL*
Full

Full-MCD*

(c) A2D2:Pool-11f
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Figure 2.7: Results on diverse and redundant datasets. Active learning performance curves on
diverse datasets - Cityscapes and A2D2 Pool-0f, and redundant datasets - A2D2
Pool-11f and Pool-Aug. The X-axis shows the percentage of labeled datasets.
The methods that utilize MC-Dropout in their network architecture are marked
with ∗.

indicates that adding labeled redundant samples to the training set can harm the
performance. This effect could happen due to data imbalances. Coreset-SSL yields
strong improvements over Coreset on the Cityscapes datasets. Here, the integration
of SSL into Coreset even changes the rank order of the AL methods. Without SSL,
the EquAL method is best with SSL Coreset-SSL. This effect is a slight anomaly since
Cityscape is a diverse dataset. In this case, the synergies between SSL and batch-
based AL methods outweigh the advantages of single-sample AL methods on diverse
datasets. For the PASCAL-VOC dataset, SSL integrates well with all AL methods.
Since the dataset is diverse, all AL methods return diverse batches, which integrate
well with the SSL. Hence, no clear winner method for this dataset can be identified.

2.5.3 Small Annotation Budget Settings

Active learning is volatile with a low budget: As Table 2.4 shows, in the 2-2
budget setting on the PASCAL-VOC dataset, the integration of SSL into the random
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Table 2.4: Active learning results on PASCAL-VOC, Cityscapes, and A2D2 Pool-11f in the 2-
2 setting and BCSS in the 1-1 setting. AUC@10 and mIoU@6 metrics are reported
for the PASCAL-VOC, Cityscapes, and A2D2 and AUC@5 and mIoU@3 for BCSS.
A denotes acquisition method type. S and B denote single-sample and batch-based
acquisition.

A AL Method SSL PASCAL-VOC 2-2 Cityscapes 2-2 A2D2 Pool-11f 2-2 BCSS 1-1

Metric → mIoU@6 AUC@10 mIoU@6 AUC@10 mIoU@6 AUC@10 mIoU@3 AUC@5

S Random ✗ 66.41 5.22 46.05 3.65 37.74 2.93 56.29 2.24
S Entropy ✗ 66.33 2.92 51.24 5.11 36.37 4.00 53.67 2.15
B Coreset ✗ 66.24 5.19 47.26 3.74 39.63 3.10 56.68 2.37
S Random-SSL ✓ 68.60 5.37 47.46 3.72 36.46 2.90 58.93 2.34
S Entropy-SSL ✓ 67.26 5.31 49.99 3.93 36.70 2.93 57.96 2.28
B Coreset-SSL ✓ 68.03 5.35 48.51 3.82 39.20 3.06 60.10 2.38

- 100% ✗ 77.00 6.16 48.85 3.91 68.42 5.47 65.71 2.63

acquisition performs best. Hence, no AL approach was able to create an improvement.
A possible explanation is that any selected sample is meaningful in this low-data set-
ting, where the network could not learn from a meaningful distribution share. These
observations provide more substantial support for similar findings made in the low-
budget setting in Mittal et al. [157]. Table 2.4 also shows the A2D2 Pool-11f and
the Cityscapes dataset in the 2-2 setting. In the case of the Cityscapes dataset, the
single sample-based Entropy method performs best. For the comparatively more re-
dundant A2D2 Pool-11f, the batch-based Coreset method yields the best results. For
both datasets, however, the integration of SSL is detrimental. A likely explanation is
that the low number of labeled samples acquired did not represent a sufficient share
of the unlabeled distribution to support the SSL. Generally speaking, active learning
is highly volatile in low-budget settings. However, batch-based acquisition is still the
most effective for redundant datasets in low-budget settings.

In medical image processing, this use case of having a low budget due to the high cost
of professionals for annotation and redundant data distributions is especially common.
For the medical BCSS dataset, the integration of Coreset and SSL yields the best
results. Even when comparing the AL approaches without integrating SSL, Coreset
performs best. The single-sample acquisition method Entropy yields worse results than
random acquisition, both with and without integrating SSL. These results indicate that
batch-based AL approaches are especially important in the medical domain.

Overall, a highly volatile nature of active learning in conjunction with a low budget
can be observed. As the dataset redundancy increases, the ideal policy transitions
from random selection to batch-based acquisition.
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Table 2.5: AL results on the proposed A2D2-3K task. S and B denote the single-sample and
batch-based acquisition. Uniform refers to temporal subsampling selection process
and (@5) means every 5th frame.

A AL Method without SSL with SSL

mIoU AUC mIoU AUC

B Uniform 57.75 — 58.93 —
S Random 56.14 5.35 57.57 5.53
S Entropy 60.16 5.53 59.91 5.61
B Coreset 60.30 5.55 61.13 5.72
S Uniform (@5) + Entropy 60.40 5.66 59.63 5.59

- 100% 66.65 6.64 — —

2.5.4 New Realistic A2D2-3k Task

As Table 2.1 on page 15 shows, up until this work, active learning in semantic seg-
mentation was mostly studied in diverse datasets with high annotation budgets. This
work introduces the A2D2-3K, a new AL benchmark for segmentation. This novel
benchmark covers the high-budget, highly redundant dataset pool case. This scenario
is much more common in the real world, where for example, in the driving scenario,
novel data is recorded in the form of videos. The A2D2-3K is based on the A2D2
dataset, which is a video dataset. The task is to select 3K images, which is a similar
size as the Cityscapes dataset, in 3 AL cycle steps (1K images in each) from the A2D2
dataset pool (40K images). Given this new task, the random acquisition, Entropy,
and Coreset are tested together with the respective integration of SSL. The manual
sub-sampling methods commonly applied to the measurement campaigns are tested
for further comparison. On the one hand, the subsampling is applied w.r.t. time by
taking every fifth frame from the A2D2 dataset. This method is denoted by "Uniform"
and is closer to previously used AL benchmarks like Cityscapes. On the other hand,
the first 8K images are selected uniformly, and then Entropy selection (denoted by
Uniform(@5) + Entropy) is applied. Table 2.5 shows these results. The Coreset SSL
approach performs best for such a redundant dataset. The subsampling approaches
are suboptimal, which indicates that active learning should be used instead of such
data curation, which is an interesting insight for practitioners aiming to create new
datasets.

2.6 Discussion and Conclusion

The results of this work show that active learning is a valuable tool for creating seman-
tic segmentation datasets. The type of acquisition function that is effective depends,
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.
Table 2.6: Overview showing the best performing AL method for each scenario. Single and

Batch refer to single-sample and batch-based methods, and Random refers to ran-
dom selection. The suffix -SSL refers to semi-supervised learning.

Dataset ↓ Annotation Budget
Low High

Sup. → AL SSL-AL AL SSL-AL
Diverse Random Random-SSL Single Single-SSL
Redundant Batch Batch Batch Batch-SSL

however, on the scenario. Table 2.6 gives an overview of the best practices for active
learning, covering the dimensions of dataset diversity/redundancy, the annotation bud-
get, and the integration of semi-supervised learning. Single-sample based acquisition
functions perform best, given diverse distributions. Given high levels of redundancy
in a dataset, batch-based acquisition functions with a diversity objective for sampling
should be used. The importance of the diversity objective is especially true for cre-
ating datasets for medical image processing, where low-budget settings, are common
and data pools are often redundant. Semi-supervised learning integrates well with
batch-based methods, but SSL can harm single-sample-based active learning methods.
Before this work, the method development and evaluation focused on only a few sce-
narios. This work contributes best practices for settings that are more likely to occur
when creating new datasets. Therefore, these results allow for a broader view of active
learning and positively affect many applications. As this work pointed out, the cur-
rent active learning literature focuses on the specific high-budget and diverse dataset
use case, a scenario that does not occur in many applications. Therefore, the chapter
introduced a novel benchmark, contributing to the development of AL methods for
redundant datasets.

Consequently, these novel best practices for integrating active learning and semi-
supervised learning contribute to lowering labeling costs in the analyzed scenarios,
thereby addressing challenge 1 from Chapter 1. The insights in this chapter help guide
the AL research towards a more robust method development, which further contributes
to addressing challenge 1.
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Chapter 3

Reducing Manual Annotation Effort
with Unsupervised Domain Adaptation

This chapter is partially derived from my previously published works, specifically "Do-
main Adaptation and Generalization: A Low-Complexity Approach" [166], "Combining
Semantic Self-supervision and Self-training for Domain Adaptation in Semantic Seg-
mentation" [165], "Overcoming the Sensor Delta for Semantic Segmentation in OCT
Images"[168], and "Survey on Unsupervised Domain Adaptation for Semantic Seg-
mentation for Visual Perception in Automated Driving"[201]. Some text, figures, and
findings have been re-utilized or adapted from these publications. Co-Authors of these
Publications are Jan Ehrhardt, Jörg P. Schäfer, Manuel Schwonberg, Jan-Aike Ter-
möhlen, Nico M Schmidt, Hanno Gottschalk, Tim Fingscheidt, Timo Kepp and Heinz
Handels.

3.1 Introduction and Motivation

This chapter introduces the field of unsupervised domain adaptation (UDA). The dis-
tribution a DNN is trained on is sampled from a specific domain. A domain can be,

Figure 3.1: Domain adaptation scenarios: in autonomous driving, adapting from synthetic to
real-world data and to varying weather and environmental conditions is essential;
in the medical field, variations between images from different devices are critical.
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e.g., a specific type of sensor or environment. A model trained on this distribution
will perform well on novel data sampled from the same domain. If, however, this
model is applied to data sampled from an unseen novel domain, the DNN will not
yield good results (c.f. Figure 1.1 page 2). Unsupervised domain adaptation (UDA)
aims to adapt neural networks from a particular source domain to the distribution
of a specific target domain. Figure 3.1 describes many such adaptation scenarios. In
autonomous driving, important domain shifts include the shift from synthetic to real
data or between different environments (country, lighting, weather, etc.). Given a car
manufacturer that has optimized the environment perception for a specific operational
design domain, e.g., driving during clear conditions in the day in a specific country,
but wants to extend to a new ODD like driving at night or during rain, a large amount
of the labeling process would have to be redone. In Figure 3.1, this scenario would
correspond to switching from the Cityscapes dataset to the ACDC dataset. Similarly,
for companies providing DNN-based software for classifying or segmenting pathologies,
a shift between training data and the domain to which the DNNs are applied could
lead to accuracy losses. Given that imaging devices are often updated, this is a likely
scenario. Figure 3.1 shows such a switch of imaging devices in the form of the domain
difference of different OCT scanners. Labeling in such a scenario would be even more
costly since it requires medical professionals. Therefore, this chapter deals with the
field of unsupervised domain adaptation. The adaptation process between the train-
ing distribution (source domain) and the new application domain (target domain) is
unsupervised. The supervised training is done on the source domain data, and the
unsupervised training is done on the data from the target domain. This training pro-
cedure makes UDA a special case of semi-supervised learning. This chapter, therefore,
tackles problem (challenge) 1: "Annotations are costly" from Chapter 1.

The chapter is divided into two main sections. The first Section 3.2 introduces
an overview of the rapidly growing field of UDA and identifies and categorizes the
methodologies. In the second part, i.e., Section 3.3 of the chapter, this work utilizes
the knowledge of the research gaps identified in the survey to introduce novel methods.
These methods are investigated in applications in the field of medical image processing
and autonomous driving.

3.2 Unsupervised Domain Adaptation: A Survey

DNNs have shown remarkable results in the analysis of complex sensor data. They,
therefore, enabled novel applications in medical image processing and autonomous
driving. These advancements, however, come at the cost of annotating large amounts
of data, a costly and work-intensive task. The trained DNNs additionally yield a poor
generalization of out-of-domain data. This poor generalization introduces the need to
redo the annotation for novel domains. Therefore, automatizing the adaptation process
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Figure 3.2: Performance (mIoU (%)) on the Cityscapes validation set after training on the
source domains GTA5 (top row) or SYNTHIA (bottom row) with simultaneous
adaptation to Cityscapes. The results are shown for models based on a ResNet-
101 feature extractor (left column) or a VGG-16 feature extractor (right column).
The reported values are taken from the respective papers.

is of high interest. As Figure 3.2 shows, this unsupervised domain adaptation sparked
large interest in the computer vision community over the last years. The large amounts
of research done in this domain make keeping track of the methodological developments
difficult. Therefore, this chapter first provides a survey that categorizes and reflects the
methodology. Since the car industry has strongly driven the research, most approaches
deal with datasets from this domain and semantic segmentation as a task, which is
crucial in this application. Furthermore, the synthetic to real adaptation application is
of special interest in this scenario. The reason is that the synthetic source domain does
not require human annotation, making the training process completely unsupervised.
Therefore, most methods were developed in the context of UDA in autonomous driving
between synthetic and real data for semantic segmentation. The relevant benchmarks
in this context usually deal with the adaptation from the synthetic GTA5 [188] and
SYNTHIA [191] datasets to the real Cityscapes dataset.

This survey introduces a simple taxonomy to group the different approaches. Un-
supervised domain adaptation methods can be categorized w.r.t. the space the un-
supervised learning is applied to. Figure 3.3 (page 32) illustrates this categorization.
The adaptation can be applied to the input space, the latent representations (feature
representations), and the output of the neural network. Approaches that fall into the
category input space operate in the pixel-space and are described in Section 3.2.3.
Section 3.2.4 describes the category latent representations, which is comprised of ap-
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Figure 3.3: Overview of adaptation spaces that are covered in this survey. The subsec-
tions dealing with the respective space are indicated. Hybrid methods perform
adaptation in at least two spaces or utilize surrogate tasks.

proaches that operate in the feature space, which is also known as the latent space. The
feature space is the result of passing the input image through the encoder E. Based
on it, the classifier C computes the segmentation map m, which is in the output
space. Section 3.2.5 introduces UDA approaches operating in this output space. This
chapter identifies several sub-clusters of approach types for each of these categories.
The different sections follow these sub-clusters in their structure. The sub-clusters
are presented as tables (see Table 3.1, Table 3.2 and Table 3.3 ) at the beginning
of each section. Additionally, surrogate tasks like depth estimation can facilitate the
adaptation in the different spaces. Since they can influence all spaces, they are not
seen as an extra category. Many of the current approaches utilize hybrid approaches.
Such approaches represent a combination of methods working in different spaces (see
Figure 3.3). Section 3.2.6 analyzes how the different techniques operating in the input
space, the features space, and the output space interact with each other.

Compared to other surveys like in Toldo et al. [228] and Csurka et al. [37], this survey
provides a more recent overview with about three times more approaches covered (the
most detailed survey up to date) and introduces further and more fine-grained catego-
rizations. Additionally, this section provides a quantitative comparison of the perfor-
mance (see Figure 3.2) w.r.t. the approach category, which allows for a discussion of
current trends. Finally, this survey identifies common problems and gaps in the current
state of the art and introduces future research ideas. The survey provides a publicly
accessible project website including a beaverboard for the synthetic to real benchmark
in semantic segmentation https://uda-survey.github.io/survey/leaderboard.
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3.2 Unsupervised Domain Adaptation: A Survey

3.2.1 Mathematical Notation

This survey builds on the following mathematical notations for the unsupervised do-
main adaptation in semantic segmentation. The input to the segmentation network is
an image, denoted as x ∈ GH×W ×Ch defined, where G denotes the set of integer color
intensity values, H and W the image height and width in pixels, and Ch the number
of channels, respectively. A semantic segmentation network transforms an image into
an output y = (yi,k) ∈ PH×W ×K with posterior probability (score) yi,k = P (k|i, x) for
each class k ∈ K at pixel index i ∈ I = {1, 2, ..., H ·W}. Here, K = {1, 2, ..., K} denotes
the set of K classes and P = [0, 1]. The final segmentation map m = (mi) ∈ KH×W

is obtained with arg max operating on each pixel i of the network output y = (yi)
individually so that mi = arg maxk∈K yi,k. Note that yi = (yi,k) is the vector of class
posteriors at a pixel with index i. Superscripts “S” and “T” on x, y, and m denote
the domain from which the variables stem, with, e.g., DS being the source domain and
DT being the target domain.

3.2.2 Definition of Domain Shifts

The domain adaptation problem can be viewed as overcoming the dataset shift between
the source and target domain distributions: pS(a, b) ̸= pT (a, b). Where pS and pT

represent the source and target distribution, and a and b are the feature and class
variables, respectively, where both a and b are defined and used separately only for
this explanation of domain shifts. This work distinguishes between three distribution
shifts to describe how the domains differ: the prior, covariate, and concept shift [110].

The prior shift occurs when pS(a|b) = pT (a|b) but pS(b) ̸= pT (b). The prior shift
describes a change in class distribution. An example of this shift can be found in the
distribution of classes that may differ between domains. In a synthetic source domain,
an abundance of pedestrians might be rendered, while they are rare in the real-world
target domain.
For the covariate shift, in contrast, pS(b|a) = pT (b|a) but pS(a) ̸= pT (a) which means
the input distribution changes. An example of the covariate domain shift is the dif-
ference in styles of the two domains, which can differ concerning, e.g., brightness,
contrast, saturation, and hue. Similarly, distributions can differ because objects or
textures look different.

The concept shift refers to the case when pS(a) = pT (a) but pS(b|a) ̸= pT (b|a) so
that the conditional distribution differs and, therefore, the relations between a and b

are different. The same features in the source and target domain describe different
classes. An example can be found in the synthetic to real domain shift case. If a car
in the synthetic world has a similar shape or texture as a truck in the real world, a
concept shift has occurred.
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In many practically relevant domain adaptation settings, the overall domain shift
is caused by a mixture of prior, covariate, and concept distribution shifts. There
are several such domain shifts relevant to computer vision systems. Training models
on synthetic data for the application to real-world images introduces the synthetic
to real domain shift. Several real-to-real domain gaps exist, too. Different sensors,
locations, weather, day and night times, etc., can cause them. Further domain gaps
occur when a new generation of sensors is implemented in an autonomous vehicle
or the same sensor is mounted at different positions on a different car type. Slight
differences in illumination, resolution, noise, etc., can also lead to significant domain
shifts. Since each domain gap would require retraining of models with new data and
thus collecting and labeling this data is required, this can become very costly for
large-scale applications. For this reason, domain adaptation or domain generalization
methods are designed to overcome this issue and provide autonomous driving functions
without needing a large-scale data selection and the corresponding data labeling effort.

3.2.3 Input Space Adaptation

Unsupervised domain adaptation in the input space refers to methods that aim to
overcome the domain difference in the input space, i.e., the pixel space, of the deep
neural networks (DNN). Approaches of this category try to find a function F :DS 7→
DT that maps a given input image x from the source to the target domain or vice
versa from target to source F : DT 7→ DS . Figure 3.4 on page 36 shows the three
general categories such methods fall into: Style transfer, Data Augmentation, and
Image Mixing. Table 3.1 shows sub-clusters in these general categories. They all have
in common that they aim to align the image style of the source and target domain.
This survey distinguishes the style and content of an image in the following way:
The content is the semantic structure of an image, i.e., the geometry of an image w.r.t.
shapes of the classes relevant to the segmentation task. Low-level properties of images,
such as hue, saturation, contrast, brightness, image noise, depth of field, etc., define
an image’s style. However, the appearance of classes (like, e.g., cars) w.r.t. their shape
or texture can also be counted as a style, even if the previously mentioned properties
cannot express this. Feature space approaches can address this latter kind of domain
difference (see Section 3.2.4). The function F :DS 7→DT is then applied in one of two
ways. When F transforms the source domain images to the style of the target domain,
the resulting images are used for supervised training. Since the original source domain
labels are used, it is important that F :DS 7→DT keeps the image content consistent.
If F transforms the target domain images to the source domain style F :DT 7→DS , the
aim is to use the F during inference. In that case, the segmentation model trained on
the source domain should yield better results on the style-transferred target domain
images. So far, no input space approaches have set a new state of the art (c.f. Figure
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Table 3.1: Adaptation techniques in the input space. The papers are clustered and sub-
clustered according to similar methodology.

Technique Sub-Cluster Approach

Style Transfer

Feature Transforms [48], [63], [134]

Normalization [31],[83],
[144],[162], [224],
[235],[245], [252]

GAN-Based [12], [16], [23],
[24], [28], [29]
[31], [33], [42],
[58], [65], [74],

[104], [114], [115],
[116], [123], [126],
[127], [128], [162],
[185], [198], [199],
[213], [229], [244],
[263], [265], [266],
[269], [271], [294]

Frequency Domain [267], [285]

Histogram Matching [87], [141][147],

Data Augmentation
[3][89], [102],
[284], [296]

Image Mixing
[57],[92] [138],

[152], [246], [297]
[298],

Others [90] [178]

3.2 page 31), but they are often an important building block for hybrid approaches, as
section 3.2.6 will show.

3.2.3.1 Style Transfer

As already mentioned, style transfer is the primary input space adaptation technique.
This section discusses style transfer using feature transforms, normalization techniques,
image processing in the frequency domain, histogram matching, and GANs. Usually,
style transfer is applied in one of two ways. First, the source images can be transferred
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Figure 3.4: The three main input space adaptation methods are illustrated in this figure.
Style transfer and data augmentation usually change the full appearance of the
image, but style transfer does it in a more target domain-directed manner. Image
mixing generates images consisting of source and target domain pixels.

to match the target domain during training (cf. Figure 3.4, upper part). In this case,
during inference, no style transfer is needed. Second, the target domain images can
be transferred to match the source domain. With this setting, style transfer is also
needed during inference.
Feature transforms: Style transfer using feature transforms must be distinguished
from feature space domain adaptation (see Section 3.2.4). The feature transforms
presented here are methods that convert the images of the source domain into the
style of the target domain using a style transfer network. The features of the original
segmentation network are not adapted during this process. Instead, an additional
network (usually an autoencoder) is trained on source and target images to transfer
the style of the source images in their bottleneck features.

Early works that employed a style transfer for unsupervised domain adaptation used
simple feature transforms such as FastPhotoStyle [122], which comprises a two-step
stylization and smoothing process. At first, the style of a content image is stylized
in the style of a style image from the target domain using an enhanced whitening
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and coloring transform (WCT) [120], which is called PhotoWCT. In PhotoWCT, the
upsampling layers of the style transfer network are replaced by unpooling layers. Af-
terward, smoothing ensures that semantically similar regions are stylized consistently.
The FastPhotoStyle method [122] was utilized by the domain stylization (DS) [48] and
the mask-aware gated discriminator (MAGD) [134] methods, which both randomly
match source and target domain samples. Restyling data (RD) [63] also employs Fast-
PhotoStyle [122] as a style transfer method and improves the sample matching by
computing so-called perceptual hashes in the frequency domain of the images. These
hashes are then used to match samples for the style transfer, and it is based on the
Hamming distance of the respective hashes.

Normalization methods: The efficacy of normalization methods for style transfer
has been known for some time [235]. Adaptive instance normalization (AdaIN) [83] is
particularly relevant in this context. The style transfer with AdaIN uses an encoder-
decoder structure (usually based on a VGG-19 [210] architecture), where the AdaIN
layer receives the features of a content image (in the case of domain adaptation, usually
an image from DS) and a style image (from DT respectively). AdaIN then performs
the style transfer by transferring the channel-wise mean and variance statistics of the
features. AdaIN allows as many different style transfers to be learned for a (content)
image as there are style images.

Methods such as DCAN [252] employ AdaIN and assume that the mean and standard
deviation of the feature maps in an image generator encode an image’s style informa-
tion. They hence follow the idea to train an autoencoder in a way that it reconstructs
images from the source domain DS . However, simultaneously, the mean and standard
deviations are aligned between the source image that is to be reconstructed and a
randomly selected image from the target domain DT . Given that the feature statistics
are matched, the generator will produce the source image in the target domain style.
As later in this chapter elaborated, this idea is also significant for the distribution
alignment in the feature space. The bi-directional style-induced domain adaptation
(BiSIDA) [245] employs a source-to-target style transfer for supervised training and a
target-to-source style transfer for the unsupervised learning branch of the framework.
The style transfer is performed using the standard AdaIN method. Also, the CFCon-
tra method by Tang et al. [224] employs an encoder-decoder network with standard
AdaIN layers for style transfer.

The adversarial style mining (ASM) method [144] uses a newly proposed random
AdaIN (RAIN) module for style transfer. RAIN adds a style variational autoencoder
(VAE) in the latent space to encode the features’ channel-wise mean and variance
statistics into a Gaussian distribution that can be sampled from the latter. During
training, the RAIN module is trained to iteratively generate harder stylized images
around the initial target sample according to the current learning state. That way, the
segmentation model learns more potential styles in the target domain.
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The target-guided and cycle-free data augmentation (TGCF-DA) method [31] em-
ploys a cycle-free generator network that is based on multimodal unsupervised image-
to-image translation (MUNIT) [85]. The generator is extended by AdaIN layers, which
enable several style transfers (as many as there are style images) to be learned.
The network is trained by a discriminator (distinguishing whether the image stems
from the source or the target domain) and a semantic loss, ensuring that the seman-
tics between the original source image and the style-transferred source image remain
unchanged.

Frequency domain: Domain adaptation in the frequency domain is a relatively
new field. Yang et al. [267] proposed a new form of style transfer by implanting low-
frequency information from the target images into the source images. This Fourier
domain adaptation (FDA) is performed in the frequency domain. Only parts of the
amplitude spectrum are exchanged, as these are assumed to contain the general style of
the images. Similar to FDA, the authors of SUDA [285] employ a style transfer in the
frequency domain. They decompose the input image into multiple frequency compo-
nents and train a transformer network to recompose a newly stylized image from these
frequency components. The transformer network learns to suppress domain-variant
contents and enhance domain-invariant contents.
Histogram matching: Histogram matching is a long-established method [181] to
match the style of images. However, only recently has there been research on its use
for domain adaptation. Huang et al. [87] tackle the task of panoptic segmentation, but
the technique can also be employed for classical semantic segmentation. They propose
an inter-style consistency, where the input images get stylized, and the segmentation
masks between different styles, e.g., illumination or weather conditions, are learned to
be equal. This is then combined with inter-task consistency, which enforces consis-
tent labels between a semantic segmentation and an instance segmentation network.
They employ a histogram-matching algorithm [181] for the stylization. Ma et al. [147]
propose a global photometric alignment for style transfer. They align the source and
target image style by histogram matching in the three channels of the L*a*b* color
space. The same global photometric alignment is also employed by BiSMAP [141].
GAN-based methods: Generative adversarial networks (GANs) currently dominate

the field of input space adaptation methods. GANs modify an image by a generator
network so that a subsequent discriminator network can no longer distinguish from
which domain the image originates. By training a discriminator network, high-quality
style transfers can be performed. In particular, CycleGAN [300] has proven to be a
successful choice. It provides a photorealistic transformation between different image
styles and mostly prevents semantic changes in the image due to the cycle consistency.
The goal is to learn a mapping function F :DS 7→ DT as well as an inverse mapping
function F−1 :DT 7→ DS and employ the cycle consistency to enforce that an image
remains semantically the same after mapping and inverse mapping. However, most
GAN-based methods are limited in terms of the variability of the stylized images.
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Methods such as MUNIT [85] that combine GANs with, e.g., AdaIN, try to overcome
this limitation. They use AdaIN in their generator network to generate more specific
style transfers. The LSD method by Sankaranarayanan et al. [198] was about the first
to employ a standard GAN-based style transfer for domain adaptation. Also, Chen et
al. [23] employed a GAN for style transfer. The domain invariant structure extraction
(DISE) method [16] tries to disentangle the images’ structure and texture during style
transfer. This way, the structure and the texture of different source or target images
can be combined. The method employs a least squares GAN (LSGAN) [149] and can
be used in both directions.

Li et al. [127] follow a slightly different strategy as they do not employ a style transfer
directly on the image level. Instead, they propose a label-to-image domain adaptation
(L2I-DA) transfer where they generate image-label pairs in the target domain style.
They also employ a standard GAN for the image translation process.

DRANet [115] improves the style transfers from the generator network by searching
the target features whose content component is most similar to the source features. The
domain transfer is performed by incorporating style information from more suitable
target features.

SPIGAN [114] simplifies the CycleGAN architecture by only using a single sim-
to-real generator (no cycle consistency) and a downscaled generator network. The
light-weight calibrator (LWC) method [271] employs the ResNet generator proposed
by Johnson et al. [97] as a data calibrator. The calibrator can be seen as the generator.
Two discriminators are employed, one on pixel level and one on feature maps from
the feature extractor. The translation process is based on an adversarial distribution
alignment of the feature space and a pixel-wise calibration network in the input space.
The pixel-wise calibration is based on an encoder-decoder architecture and is applied
during inference, too.

Cai et al. [12] propose a condition-guided style transfer by employing a standard
conditional GAN [155] that is trained with a semantic consistency loss. They also
utilize concepts from StarGAN [30] and BicycleGAN [301]. This way, preferred styles
like foggy or cloudy can be added to the images as needed.

SUIT [126] allows an improved style transfer by designing a novel semantic-content
loss that focuses on label- and content-consistency between original and stylized images
to guide the style transfer. Content consistency is employed by comparing features of
a pre-trained network for stylized and normal input images.

The stochastic image translation method by Chiou et al. [29] is based on MUNIT [85].
The authors propose not performing an image-based but stochastic-style translation.
A source encoder encodes the content of the source image, and a target generator
generates stylized versions of this image by sampling from a style distribution of the
target domain.

The CycleGAN architecture, in particular, has been used and expanded by many
papers as their style transfer network of choice. The CyCADA method [74] was among
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the first to perform a style transfer with a CycleGAN. It also explicitly encourages high
semantic consistency before and after image translation for the source domain sam-
ples with a pre-trained source segmentation network. Also, CrDoCo [24], MSS [229],
and CADA [269] employ a standard CycleGAN for their image translation. Zhou et
al. [294] show that their ASANet+ is complementary to style transfer by combining
their method with the image translation module from CyCADA [74].

The SE-GAN method [263] makes adversarial training more stable and employs a
simple CycleGAN for style transfer. Yang et al. [266] utilize a CycleGAN that uses
both a cycle consistency and a phase consistency loss. They show that the semantic
information is mostly encoded in the phase from the complex spectrum of the image
and enforce its similarity for the transformation and inverse transformation of the
CycleGAN.

In DLOW [65], the authors generate a sequence of intermediate domains between
the source and target. They define a domainness factor z that affects the generator and
the discriminator. They also employ a cycle consistency loss and build their method
upon CyCADA [74].

Another idea is to use a content invariant representation (CIR) [58], which can be
seen as an intermediate domain between the source and target with the same content
as the source domain and the same style distribution as the target domain. They use
a vanilla CycleGAN to generate this CIR.

A popular approach on which many works build is the bi-directional learning (BDL)
method [123], which improves the image-to-image translation model by iteratively im-
proving the translation model with feedback from the subsequent semantic segmenta-
tion model. This way, the image-to-image translation is not fixed but improves during
training and adaptation. The authors also published their style-transferred images
from the GTA5 [188] and SYNTHIA [191] datasets, which were used by many subse-
quent methods. For example, CDGA [104], SIM [244], MCSSF [33], and BDL+ESL
[199] use this method or the already transferred images.

In contrast to previous works, the authors of LDR [265] train a style translation
model that transfers the target domain images in order to make them look like source
domain images. They employ the general translation model of BDL [123] but add a
cycle-reconstruction loss to enforce semantic consistency between the image and the
image reconstructed from the labels. The active pseudo-labeling (APL) method [213]
first adapts the target domain images to the source domain using a style transfer.
Afterward, the style-transferred images are used to create pseudo-labels that are later
used for self-supervised training in the target domain. The style transfer is similar to
that of LDR[265], but it replaces the transposed convolutions with bilinear upsampling
and convolutions.

Ramirez et al. [185] employ a CycleGAN for style transfer from the source to the
target domain in their image-level domain adaptation (ILDA) method. They enforce
the similarity of segmentation masks based on style-transferred images and unaltered
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synthetic images using a discriminator in the generation process to avoid artifacts and
guide the synthesis. The DISE-CT method [116] is based on DISE [16] but adds a
cycle consistency to the generator training. It also adapts the zero loss [5] to a zero-
style loss. A content transfer is employed for long-tail classes of the target domain to
incorporate more of these classes into the training samples.

Dual path learning (DPL) [28] employs two pipelines, where images are transferred
from the source to the target domain or from the target to the source domain. Both
pipelines are trained interactively with a so-called dual path adaptive segmentation.

With KATPAN, Dong et al. [42] employ a modified CycleGAN for the image trans-
lation process. They extend the standard CycleGAN with a transferability-aware in-
formation bottleneck that guides the encoder to encode only discriminative features.

Musto et al. propose a new semantically adaptive image-to-image (SA-ITI) trans-
lation [162]. They utilize the segmentation maps from the source image provided by
the segmentation network to guide the style transfer of the source domain images to
the target domain. As their style transfer network, they design two coupled GANs
similar to a CycleGAN and adaptively denormalize each pixel based on the semantic
information. The translated image is then fed to the segmentation network again.
Consistency is enforced between the two output posteriors using a new symmetric
cross-entropy loss.

However, there are also further enhancements of the CycleGAN architecture, e.g.,
the symmetric adaptation consistency (SAC) method uses a StarGAN [30] for image-
to-image translation.

3.2.3.2 Data Augmentation

An additional idea for domain adaptation in the input space is data augmentation.
With data augmentation, the styles of the images are changed in a less targeted manner
than with a style transfer (cf. Figure 3.4 page 36, middle part). Thus, no attempt is
made to represent the target domain as precisely as possible. Instead, the images are
changed as diversely as possible to train a network that is as robust as possible against
various domain shifts. This is related to domain randomization, which is often used
for domain generalization.

Zhou et al. [296] perform a class out strategy in the input space by employing a
ClassDrop mask generation algorithm that provides class-wise perturbations. The
learning texture invariant representation (LTIR) method [102] generates a stylized
version of the commonly used GTA5 [188] and SYNTHIA [191] datasets to force the
model to learn texture invariant representations, which are usually not learned from
style-transferred images.

Huang et al. [89] train a more robust network against domain shifts by learning
Fourier domain adversarial attacks and iteratively learning to defend against these
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attacks. These attacks are a form of style augmentation. Araslanov et al. [3] per-
form heavy data augmentation and then calculate output consistency using differ-
ently augmented images. The unsupervised contrastive domain adaptation (UCDA)
method [284] also employs multiple augmentation techniques on source and target do-
main images.

3.2.3.3 Image Mixing

Similar to data augmentation techniques, more and more methods have recently been
developed that mix source domain images with portions of target domain images (cf.
Figure 3.4 page 36, lower part). One popular method is domain adaptation via cross-
domain mixed sampling (DACS) [231], on which many other methods have been built
since. DACS mixes samples from the two domains along with the corresponding source
labels and target pseudo-labels. The labeled source domain images and the mixed
images are used for training. It also applies color augmentation and Gaussian blurring
to the training samples.

The RCCR approach [298] employs ClassMix [173] and CutMix [276] as proposed
by DACS [231]. Also BAPA-Net [138] solely employs CutMiX [276]. Likewise, the
CorDA method by Wang et al. [246] is based on DACS [231] and utilizes all of its
input space adaptations. Zhou et al. propose a new image mixing method termed
CAMix [297], where they leverage contextual information on relationships to guide the
image mixing. It can be seen as an improved version of DACS.

DBST [14] adds depth guidance to DACS, and the authors explicitly propose their
method as a module that can be combined with any other UDA method like, e.g.,
ProDA [283]. The dual soft-paste (DSP) method [57] improves on DACS [231] by
pasting mainly long-tail classes from the source domain in source and target domain
images. It creates two intermediate domains, which serve as a bridge between the
domains. They preserve the original domain information by keeping objects, layout,
and general structure the same.

PixMatch [152] employs consistency training with two different perturbations added
to the images in its best working model. The authors show that Fourier domain and
CutMix [276] perturbations yield the best results.

3.2.4 Feature Space Adaptation

As identified in the previous sections, the distribution shift between the source and
the target domain leads to decreased performance. Since the pre-logit feature space
(the output of the last layer before the classifier) distributions of the source and target
domain differ, a classifier trained on one cannot generalize well to the other (see Figure
3.5 page 44). Hence, this section discusses approaches that try to adapt the model from
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Table 3.2: Adaptation methods in the feature space. The papers clustered and sub-clustered
according to similar methodology.

Technique Approach

Distribution
Divergence

Adversarial Training [9] [18], [21], [24], [25], [27], [28], [40],
[41], [46], [73], [74], [81], [84], [90], [124],
[142], [143], [145], [178], [194], [229],
[234], [242], [251], [269], [271], [274],
[280], [289]

Instance Norm/ Gaussian [84]

L2 Distance [21]

Max Classifier Discrepancy [113], [131], [195]

Max Mean Discr. (MMD) [57]

Shared Style GAN [75], [116], [193], [198], [302]

Distribution Norm [93], [109], [121], [189], [252]

Self-Supervised

Contrastive [98], [136], [150], [207], [254], [284], [298]

Semantic Clustering [33], [40], [91], [104], [132], [138], [165],
[224], [230], [247]

Depth & Ego Motion [70], [194], [246]

Augmentation [221], [257]

Weak Supervision [146], [178]

the source to the target domain, trying to align the distributions in the feature space.
In this case, the alignment of the distributions depends on the learned encoder-decoder
function that maps the input to the (pre-logit) feature space. Therefore, distribution
alignment between input data from the source and the target domain means learning
the encoder-decoder function in a way that maps input from both domains that seman-
tically represents the same things to a similar point in the feature space. In this case,
the classification hyperplane learned on the source domain will generalize well to the
target domain. One can identify different subclusters in the methods for distribution
alignment in the feature space (see Table 3.2) that the following subsections discuss.

3.2.4.1 Distribution Divergence

Methods that fall in this cluster try to minimize a divergence measure describing the
distance between the source and the target domain.
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Figure 3.5: Feature space adaptation methods: The encoder of a CNN projects the
input image to the feature space. Here, before domain adaptation, the source
and target distributions are not aligned. Hence, the source domain-trained clas-
sifier does not generalize to the target domain. After feature space adaptation
methods are used, the feature distributions are generally aligned much better,
which improves performance on the target domain.

Adversarial adaptation: Adversarial training in the feature space for aligning
the source and target domain distributions is one of the earliest approaches. Ganin
et al. [55] introduced the first method for adversarial training for domain adaptation.
The authors define the distance between the source and the target domain as the so-
called H-divergence. The H-divergence is computed based on a classifier, classifying
whether the feature representation of an image is from the source or the target domain.
Given such an optimal domain classifier, the H-divergence is minimal if the error of
the optimal classifier is maximized. Minimizing the H-divergence poses a min-max
problem. The H-divergence is minimal if the encoder is learned, so the domain classifier
yields a maximum error rate. In contrast, one has to minimize the error to obtain the
optimal domain classifier. Ganin et al. [55] propose a gradient-reversal layer (GRL)
between the domain classifier and the feature space to solve this problem. During
the backward pass, the gradients of the domain classification loss are applied to the
domain classification head but inverted for the encoder-decoder function and thereby
minimizes the H-divergence. Ganin et al. applied this concept to the classification task
but inspired many approaches for unsupervised domain adaptation for segmentation,
also.

FCNs in the Wild [73] is the earliest example of adversarial learning in the feature
space applied to semantic segmentation. The proposed method applies the adversarial
loss function on the pre-logit feature map (the last representation before the classifier).
Building on FCNs in the Wild [73], many approaches use adversarial training as an
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additional tool in their domain adaptation strategy, e.g., WDC [289], RPT [280], DPL
[28], CAA-Net [193], and SWLS [40]. Many works introduced new strategies to
improve adversarial learning of FCNs in the Wild.

Sub-distribution alignment: The alignment of the global distributions of the
source and target domain can lead to issues. A possible consequence of global distri-
bution alignment is that sub-distributions of source and target domain that are closely
aligned even before the adaptation are affected negatively by the global alignment
(see Luo et al.[143]). Sub-distributions in this context denote parts of the source or
target domain feature distributions that depend on, e.g., the classes or the spatial
position. Wang et al. [242] argue that parts of the class-wise sub-distributions might
get mixed up through the global distribution alignment. They further point out that
the different frequencies of classes lead to the situation that the sub-distributions of
frequent classes are aligned better than rare classes’ sub-distributions. Finally, Chen
et al. [25] speculated that another issue with global distribution alignment through
GANs is non-contributing ambiguous features.

Chen et al. [18] and Du et al. [46] introduced early approaches to align the class-
conditional sub-distributions. Their idea is to introduce class-wise adversarial training.
The discriminator classifies between the source and target domain only for feature
representations of the same class. The approaches use self-inferred pseudo labels on
the target domain to implement the class-dependent domain classifier. Additionally,
the approach weighs the adversarial loss higher for classes with low average confidence.
The work by Du et al. [46] improves the approach of Chen et al. [18] by addressing
the inconsistent adaptation issue. CCDA [251] addresses the alignment of the class-
conditional sub-distributions of classes with different frequencies. Wang et al. [251]
employ two discriminator networks, one for coarse-level alignment and one for pixel-
level alignment. For the coarse-level alignment, the discriminator network predicts the
domain label of every coarse feature representation element and the classes present in
the receptive field. The second discriminator computes the adversarial loss pixel-wise.
The influence of each class is normalized with its frequency, giving frequent and rare
classes a similar weight. Additionally, they weigh spatial elements higher, which have
a high classification uncertainty. FADA [242] and CCDA [251] follow a very similar
idea.

CCD [25] tackles the problem that non-productive ambiguous features are learned
during global distribution alignment through GANs. To prevent this, they also train
a segmentation loss on the sub-network in addition to the discriminator. However, the
segmentation on this network is not backpropagated to the shared backbone.

Finally, ROAD [21] assumes that similar classes occur at similar spatial positions
in an image and uses the adversarial loss dependent on the spatial position. Their
domain classification loss is computed for predefined regions (grid elements) in the
image. Given that similar classes and objects appear at similar spatial positions, the
source and target domain distributions of grid elements match well a priori. Hence,
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the adversarial distribution alignment matches similar sub-distributions.
Adversarial training with attention: The following approaches aim to guide the
adversarial adaptation process to the most relevant regions. For this purpose, the ap-
proaches utilize an implicit or an explicit way of guiding the attention of the adaptation
process.

Li et al. [124] use spatial and channel attention to achieve this goal. They create a
so-called highly embedded feature vector representing information about the feature
space, the network prediction, and spatial and channel-wise attention maps. The
adversarial training is done based on this feature vector so the goal is to align the
distributions of the source and target domain of the vector.

DAST [274] uses discriminator confidences to measure the alignment of the source
and target domain. After an initial adversarial alignment, the authors weight the fea-
ture map of the target domain with the domain classification output. A high confidence
score of the discriminator indicates that a feature representation is easily identifiable as
part of the target domain. Hence, such a feature representation still has to be aligned
to the source domain and is given a high weight.

Chen et al. [27] do not directly model the attention via a measure for the distribu-
tion alignment or a spatial attention module. Instead, they assume that the semantic
edges or boundaries between classes are significant for predicting semantic segmenta-
tion. Thus, the network comprises semantic and edge (class boundaries) segmentation
branches. In order to make the edge predictions domain-invariant, adversarial training
in the edge branch feature space and feature fusion between the semantic and edge
branch is applied. The edge feature distribution alignment implicitly guides the atten-
tion to the class boundaries.
Adversarial training on style: As described in Section 3.2.3, style transfer enables
supervised training on source domain images with the style of target domain images.
Apart from that, several approaches utilize style transfer for adversarial adaptation in
the feature space.

CyCaDa presented by Hoffman et al. [74] and as described in Section 3.2.3 trains a
CycleGAN network to transform source domain images into the target domain and vice
versa. Apart from this main contribution, the approach applies adversarial learning
between the stylized source domain images and the not transformed target domain
images. The discriminator distinguishes between the respective feature representations
of the stylized source domain and the target domain images.

CrDoCo [24] trains two segmentation networks on the source domain labels, a source,
and a target domain network. The target domain network is trained with the source
domain labels but with style-transferred images. Two separate discriminators enable
the adversarial training in the feature space of the two networks. The discriminator
for the source domain network takes feature representations of source domain images
and target domain images that were transferred to the source domain. Vice versa,
the target domain network is trained. A consistency loss between the outputs of the
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two networks for the target domain images and the transferred target domain images
is applied. The fact that the source and target domain only differ in style but not
in content facilitates the distribution alignment. The authors of MSS [229] follow a
similar approach as in CrDoCo [24]. The main difference to CrDoCo [24] is that the
encoder computing the feature representations is shared between the domains.

LWC [271] is different from the previous works because it tries to align the distribu-
tions of the source and target domain not by altering the encoder but by transforming
the input image. The authors of LWC [271] present a calibrator strategy for domain
adaptation. Given a model trained on the source domain, the aim is to train a calibra-
tor network that transforms the input image in such a way that the distributions of
the source and target domain feature representations are aligned in the feature space
of the source-trained segmentation model.
Shared style GAN: Most approaches that use a shared style GAN rely on the original
GAN principle presented by Goodfellow et al. [67]. These approaches usually have four
elements: a shared encoder E that generates a shared feature space; a segmentation
classifier C that computes the semantic segmentation from the feature map produced
by E; a decoder fdec that reconstructs the input image (mostly trained by L1 loss);
And finally a discriminator D that tries to classify the image output of fdec into either
being "fake", or "real".

The approach presented in LSD [198] has all the architectural elements described.
The discriminator D distinguishes between fake and real source domain images and
fake and real target domain images. The decoder fdec generates fake target and source
domain images by adding dropout noise to the feature embeddings generated by E.
An adversarial loss is computed between real and fake images inside each domain and
cross-domain. This way, the encoder E is trained to output similar feature space
embeddings for the source and target domain. C takes this domain-aligned feature
map to compute the segmentation. CAA-Net presented by Ruan et al. [193] follows a
similar direction as LSD [198].

The architecture in PTP [302] consists of the elements and again follows a similar
principle as CAA-Net [193] and LSD [198]. Similar to LSD [198], the final objective
is to achieve similar feature embeddings for both domains by applying an adversarial
loss. The biggest difference is that, e.g., on the source domain "real" would be the
reconstruction of the source domain image and "fake" would be the reconstruction of
the same image in a target domain style. CLADA [75] computes a transformation
that is added to the pre-logit feature space of a segmentation network to transform
the source domain features to the target domain. The classifier is trained on a target
domain feature distribution given such a transformed source domain feature space.
The conditional generator fdec takes in a noise channel and a low-level source domain
feature map of encoder E. The two inputs are concatenated and passed through a
ResNet architecture, computing the transformation. The discriminator distinguishes
between transformed and non-transformed source domain feature maps.
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The network architecture of Lee et al. [116] has three encoders that share the first
convolution layers. One encoder extracts the content, and two other encoders extract
the source and target domain style information, respectively. The decoder computes
the segmentation, and the other two decoders compute the image reconstruction in the
source or target domain style. The authors use a zero loss function, which minimizes
the L1 norm so that the two encoders capture unique information that only exist in
the source domain and target domain. According to the authors, the source encoder
only learns the style-independent content features.

Maximum classifier discrepancy (MCD): Next to the H-divergence, other dis-
tribution discrepancy metrics are used for distribution alignment in the feature space.
Saito et al. [195] introduce an approach based on the maximum classifier discrepancy
(MCD). The MCD is computed by first training two classifiers for the source domain,
mapping the same feature map into a segmentation. In the second step, the discrepancy
of the probability output of these two classifiers is maximized for the target domain.
The discrepancy between the class probabilities is computed using the L1 norm. The
segmentation loss is trained on the source domain in parallel to keep the source do-
main performance from degrading. The result is two classifiers that agree with each
other for samples with support from the source domain distribution and disagree with
each other for samples that are not represented well in the source domain. The latter
case characterizes most of the target domain samples. In the third step, the feature
extractor is then optimized to minimize the MCD for the target domain. This causes
those samples from the target domain far away from the source domain distribution to
move closer to the source domain distribution (here, the support of the source domain
is given, and the two classifiers agree). The three steps are iterated, which results in
an adversarial optimization.

Lee et al.[113] advance this work by introducing an improved way of computing the
discrepancy between the classifier probability outputs. The authors propose the sliced
Wasserstein discrepancy, which considers the properties of the underlying geometry of
probability space and thus improves upon the L1 norm used in [195]. Further follow-
up work is presented in Li et al.[131], where two classifiers are trained on the source
domain while also updating the feature generator. Then, they maximize the classifier
discrepancy on the target domain while ensuring the source domain classification stays
the same. In the final stage, they train the feature generator to minimize the classifier
discrepancy, pushing the target domain data to the statistical support of the source
domain.
Other methods for distribution divergence minimization: MMD [57] uses the
soft paste algorithm, combining two images by a weighted overlay (see Section 3.2.3).
A reference source domain image is pasted into a target and source domain image.
This is done based on a mask containing relevant classes in the reference image. The
authors try to align the feature space representation of the source and target image
in the region of the mask. The minimization of the squared difference of the kernel-
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mean-embedding of the feature representations in the mask regions in the reproducing
kernel Hilbert space introduces the alignment. In addition to the alignment in the
mask region, the authors apply a global alignment using the same method (MMD)
without filtering with the reference image mask.

The general activation matching (GAM) [84] approach trains two networks, one for
the target and one for the source domain. The authors apply an L2 minimization
of the difference of the weights between the source and target domain networks and
Jensen-Shannon divergence matching between the output of source and target domain.
The latter is optimized in an adversarial manner. Additionally, the feature maps of the
target domain are scaled to the source domain mean and variance. These adaptation
methods are applied in each layer of the network.

PFR [279] approach utilizes the L2 distance of the feature representations of source
and target domain images. The style features, and content features are computed using
the method presented by Gatys et al. [60]. The L2 distance is minimized at different
feature levels.

3.2.4.2 Distribution Normalization

Normalizing the feature space distribution presents an alternative to aligning the source
to the target domain feature distributions (or vice versa). Such approaches often try to
normalize the channelwise mean and standard deviation (or variance) with source and
target domain statistics, so that similar images in two different domains are mapped to
a similar representation. Concepts like batch normalization and instance normalization
are used in this context. The former computes the normalization over entire datasets,
whereas the latter normalizes based on single instances of data.

Klinger et al. [109] utilize batch normalization to adapt the feature statistic to the
target domain. The batch normalization, apart from scaling and translation param-
eters that are learned in a supervised way through backpropagation, normalizes the
feature space at a certain layer by the channelwise mean and variance of that layer.
These mean and variance values are determined unsupervised over the whole dataset
by passing the images through the network. Klinger et al. utilize this circumstance to
adapt to the target domain by replacing the source domain mean and variance values
per layer with the target domain mean and variance values.

The approaches presented by Ioffe et al. [93] and Li et al. [121] follow a similar
idea. Here, batch normalization is trained independently for both domains. The batch
normalization layers in a neural network try to solve the covariate shift problem by
setting the mean of the neuron activations to 0 and the standard deviation to 1.
Hence, during training, the channel-wise mean and standard deviation of the CNN
are obtained for normalization. Since the batch norm parameters are independently
updated for the source and target domain, the feature distributions are aligned so
far that the mean and standard deviations of the source and target domain match.
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Although this approach was developed for classification, it is also used for semantic
segmentation. (see Lian et al. [133]).

The method of instance normalization introduced in DCAN [252] uses reference
images from the target domain to calibrate the feature distribution of a source domain
image. The idea is that the channel-wise mean and standard deviation contain the
style information and that both can be aligned between the source and target domain.
However, the same idea is used to align the segmentation network’s feature distribution.
The method aligns the mean and standard deviation of the source domain feature space
to those of the calibration image. Based on the aligned feature space, the segmentation
loss is minimized. Given that the segmentation head is trained based on a feature space
with target domain statistics, the segmentation also generalizes to the target domain.

The normalization of the feature distribution to a shared representation tends to
be more robust than the alignment between the source and target distributions. The
alignment requires that the class wise sub distributions of the source and target domain
are mapped to the same feature representations. Given that the class-wise distribution
of the target domain can only be estimated, this requirement is hard to fulfill. The
normalization parameters, i.e., the mean and standard deviations, can be determined
unsupervised and rather represent global translation and scaling parameters. This
robustness, however, comes with the drawback that the transformation is less mean-
ingful. This is because the normalization doesn’t capture the finer nuances of class-
wise distribution shifts, making the transformation less sensitive to domain-specific
features. This, in practice, causes the alignment methods to yield a higher potential
for improvement.

3.2.4.3 Self-Supervised Learning

Self-supervised learning is based on so-called pretext tasks that can be annotated
automatically without human effort. The assumption is that the training on pretext
tasks results in an encoder that produces features that are relevant to the actual
task that should be solved, i.e., semantic segmentation. Since self-supervised learning
can be used for unsupervised feature learning, it is often applied for pre-training.
More importantly, in this case, it is an essential method for unsupervised training on
the unlabeled target domain, too. In the case of unsupervised domain adaptation,
there are three main sub-clusters of approaches: Augmentation and depth-based SSL,
Contrastive learning SSL, and semantic clustering through SSL.

Augmentation and depth: SSL-UDA [220] and SSDA [257] introduce a process
to make use of self-supervised learning for an implicit alignment of the source and
target domain. In addition to the main task of semantic segmentation, they employ
the pretext tasks of image rotation, image flipping, and location prediction of image
crops. These tasks are jointly trained on the source and the target domain. The idea
is that by training the encoder to produce relevant features on the source and target
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domain, the distributions of the source and target domain will also align in the feature
space. The authors of SSL-UDA [220] show that the centroids of both distributions get
closer over the training epochs. However, the quality of such approaches is dependent
on the pretext task.

The approaches presented in GUDA [70], CTRL [194], and CorDA [246] show that
depth prediction and ego-motion estimation are meaningful pretext tasks. GUDA
[70] makes use of recent advances in the domain of unsupervised depth estimation.
In addition to the semantic segmentation on the source, domain the authors train
an unsupervised depth estimation on the target domain that implicitly predicts the
ego-motion. Since the prediction of pixel-wise depth maps requires similar features as
semantic segmentation, utilizing depth for the pretext task trains the encoder to extract
relevant features even on the target domain. CorDA [246] and CTRL [194], in contrast
to GUDA [70], do not train the unsupervised monocular depth estimation as a pretext
task. Instead, the authors assume fixed depth labels, which unsupervised monocular
depth estimation approaches can compute, too. In Wang et al. [246], another difference
can be found in how depth estimation is incorporated via spatial attention into semantic
segmentation.

Contrastive learning: Unlike the implicit alignment of the feature distributions,
self-supervised approaches are also used for direct alignment. DACL [207], SPCL
[254], UCDA [284], PWCL [136], RCCR [298], and CLST [150] make use of contrastive
self-supervised learning. Contrastive self-supervised methods are based on so-called
positive and negative pairs. In general, such methods aim to make the feature rep-
resentation of positive pairs more similar and those of negative pairs more different.
The way positive and negative pairs are constructed depends on the task and method.
A positive pair is, e.g., two instances of the same class or two augmented versions of
the same object. In the case of domain adaptation, the construction of positive and
negative pairs is not trivial because no labels are available in the target domain.

The approach presented by Shim et al. [207] uses a CycleGAN-generated style trans-
fer from the source to the target domain. The resulting pseudo-target domain images
with ground truth labels yield pixel-wise class information. The contrastive loss can
be computed based on the so-constructed positive and negative pairs.

The authors of CLST [150] follow a different approach. The idea is to construct
high-quality pseudo-labels for the target domain. Given such pseudo-labels, one can
construct positive and negative pairs across the source and target domain. The posi-
tive and negative pairs are constructed between the source domain class centroids and
the target domain class centroids for each target domain image. The feature repre-
sentations of the target domain are clustered towards their respective source domain
centroids and moved away from the wrong source domain class centroids.

The approach of SPCL [254] is similar to CLST [150]. The authors compute the
average feature representations of each class on the source domain and update them in
a moving average way. The contrastive loss is computed from the feature representation
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of each pixel to the centroids. In the target domain, the assignment is done using the
pseudo-labels created by the network.

RCCR [298] combines contrastive learning with knowledge distillation and intro-
duces both a teacher and a student for the projection head. Different from other
works, the projection head consists of convolution layers. The positive and negative
pairs are constructed by the student and teacher network based on a source-target
mixed image and a regular target image. As the only UDA approach, RCCR utilizes
a memory bank to include negative samples from previous batches to increase the
variety of the negative pairs and thereby improve the discriminability of the learned
representations.

UCDA [284] follows SimCLR [26]. It adds two MLP layers to transform the feature
representations into a 128-dimensional vector representation. Class prototypes are
computed per batch. Each feature vector contributes to each class prototype according
to the softmax probability of the teacher network. Then, anchor features are chosen
within the same domain, and the contrastive loss is computed. Additionally, they
choose anchor features in the source domain and assign them to the corresponding
target domain centroid.

PWCL [136] determines positive and negative pairs between source and target do-
main image patches. The utilization of image patches is a distinct feature in PWCL
and is done through multi-level spatial pyramid matching. Their contrastive approach
is close to the idea of MoCo [26] and utilizes the cosine similarity.

SCDA [132] differs from the previously described contrastive approaches because it
does not create positive and negative pairs based on concrete feature representation
but rather operates on class distributions. The authors estimate the distributions
of each class in the feature space based on source domain statistics using the mean
and covariance. It is computationally infeasible to compute the contrastive loss for
multiple positive and negative pairs. To resolve this limitation, Li et al. derive a loss
that directly utilizes the Gaussian distributions of the positive and negative classes.

Semantic clustering: Apart from the implicit adaptation through self-supervised
learning and the construction of semantic pairs in the source and target domain, one
can identify a third class of self-supervised domain adaptation approaches. Semantic
self-supervised approaches as presented in DANCE [196] CAM [247], CFContra [224],
SCDA [132], BAPA-Net [138], SWLS[40] , and SSS+ST [165] which all aim to cluster
the pre-logit feature space directly towards so-called class prototypes. These class
prototypes are vectors that represent the pre-logit feature representations of their
respective class.

By advancing the method proposed by DANCE [196], Niemeijer et al. with SSS+ST
[165] present an approach for semantic self-supervised learning for semantic segmen-
tation. The class prototypes are computed as the moving average of source domain
feature representations of the respective class during the training.
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The authors of CFContra [224] compute the average feature representations on the
source and on the target domain. The target domain centroid is computed by assigning
pseudo-labels based on the distance of a feature representation to the source domain
class centroids. Based on that, the two closest centroids are computed. The authors
compute the contrastive loss between each combination of source domain features,
target domain features, source domain centroids, and target domain centroids.

The authors of CAM [247] apply prototype clustering on both source and target
domains. For each class, a single target domain feature representation is selected to
serve as the prototype for the class. This prototype feature is computed by deter-
mining the feature representation that has the maximum cosine similarity to all the
other feature representations of the same class. The similarity matrix and the entropy
minimization are computed similarly to SSS+ST [165]. Distinct from this paper, the
authors propose a contrastive clustering loss. This loss takes normalized first-order
statistics (mean representation) of each class cluster from the source and target do-
main and uses the Euclidean distance as a distance metric for the clustering of the
mean representations.

The authors of OCE [230] apply feature clustering in the source and target domain,
aiming to group feature vectors of the same class together and those of different classes
away from each other. Notably, OCE differs in the computation of the cluster centroids
and the distance metric compared to the previous approaches. The class centroids
are computed based on the current batch, both on the source and target domain.
The distance metric that is used to define the similarity is the L1 norm. During
optimization, the L1 norm between the current feature representation is minimized
to centroids of the predicted class and maximized to centroids of the other classes.
Additionally, they introduce an orthogonality requirement meaning that feature vectors
of different classes are forced to be orthogonal in the feature space. The orthogonality
requirement is based on the cosine similarity between the current feature representation
and the class centroids.

The method introduced in MCSSF [33] is also based on clustering. The authors
introduce a dictionary containing the correctly classified feature representations in the
source domain. The target domain feature representations of the current batch are
also stored in a dictionary. A cosine similarity matrix is computed between the target
and source domain features of the same class. Elements of this matrix representing low
similarities are eliminated by thresholding, and the cosine similarity of the remaining
elements is maximized. Therefore, this approach does not optimize the feature repre-
sentations of different classes to be dissimilar. This is also the case for LSR [4] and
BAPA-Net [138].

Similarly, the authors of LSR [4] apply non-contrastive clustering to prototypes.
The prototypes are computed for the source and target domain and updated via a
moving average. The authors minimize the L2 norm of each feature representation to
its corresponding class prototype. The correspondence to a class is determined based
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on the prediction probability. Additionally, they enforce perpendicularity between
prototypes of different classes (as in OCE [230]) and the norm of the target and source
domain features to be the same. They assume, according to recent research by Xu et
al. [258], that target domain feature vectors have a smaller norm. Enforcing the norm
to be the same in the target and source domains introduces domain alignment.

SIM [244] is also based on non-contrastive clustering, but distinct from the previous
approaches, the clustering is done differently for stuff classes like road or sky and
thing or instance classes like car or pedestrian. For the stuff classes, the authors
compute multiple average feature representations per class by averaging the feature
representations. For a given target domain centroid, the L1 norm is minimized towards
the closest source domain centroid of the predicted class. For a given target domain
instance centroid, the L1 norm is minimized towards the closest source domain instance
centroid of the predicted class.

Li et al. [138] (BAPA-Net) assume that near-boundary pixels are hard to classify
and propose special handling of the boundary regions, different from the previous
approaches. The authors employ the CutMix [276] operator to paste source pixels and
labels to the target domain, artificially creating more boundary pixels that are assigned
a higher weight. They employ a prototype clustering algorithm between the source
and mixed target domain images. The prototypes of the mixed target domain in the
current batch are computed by assigning the feature vectors to the predicted class and
filtering out those feature vectors for the centroid computation that are too close to
a boundary. The class-wise centroids of the mixed images are optimized to minimize
the L1 norm to the closest source centroid of the same class. The above clustering
approaches often use the classification of feature representations to determine to which
centroid the current (target domain) feature representation should be clustered. Hence,
a good classification is necessary. Based on this, CaCo [91] shows that existing domain
adaptation methods can profit from an additional feature space clustering, given that
they provide a good classifier to determine the clustering target centroid.

3.2.5 Output Space Adaptation

Output space adaptation methods can be formally defined by the distinctive property
that the pixel-wise logits or softmax probability output yi,k = P (k|i, x) of the network
are utilized for the adaptation. Output space adaptation methods can be subdivided
into different subcategories, which are shown in Table 3.3. The two most popular and
commonly employed output space adaptation methods are self-training and adversarial
learning, while several other methods have also been utilized for adaptation, such as
entropy-based methods and consistency or contrastive learning.
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Table 3.3: Adaptation methods in the output space. The papers are clustered and sub-
clustered according to similar methodology.

Technique Approach

Self-
Training

Global
Thresholding

[22], [28], [102], [116], [123], [136], [162], [194], [216], [231], [242], [256], [263], [269], [294]

Adaptive
Training

[3], [33], [34], [40], [41], [42], [87], [94], [129], [132], [147], [151],

[213], [244], [247], [254], [274], [283], [290] [304]

Image-Level [69], [86], [133], [137], [146], [178], [251], [277]

Entropy-Based [27], [90], [165], [177], [218], [224], [232], [249], [264], [297]

Ensemble
Learning

[4], [22], [128], [131], [262], [267], [291]

Discriminator
Confidence

[153], [206], [215], [289]

Others [90], [141], [246]

Adversarial

Basic [16], [28], [41], [58], [104], [139], [151], [233], [237], [248], [265], [268], [274], [281]

Depth [23], [237], [279], [289]

Entropy-Based [29], [35], [225], [238]

Modified Input [234]

Bi-Classifier [113], [143], [195]

Intra-Domain [177], [268]

Multi-Level [90], [204]

Multi
Discriminator

[21], [134]

Class-Wise [46], [193]

Consistency

Augmentations [152], [285]

Style Transfer [24], [229]

Knowledge
Distillation

[31], [259], [282], [291], [296]

Others [34], [280]

Depth [14], [70], [239]

Contrastive
Learning

[98], [150], [298]

Others [27] [138]

3.2.5.1 Self-Training

The general idea is to retrain the network on labels that are generated by itself (see
Figure 3.6 page 56). In the unsupervised domain adaptation setting, the network M(·)
is trained in the source domain DS in a supervised manner as the first step. In the
second step, the trained network generates the raw predictions by running inference
in the target domain DT delivering y = M(xT; θ). Because of the domain shift, y
is noisy and contains wrong labels, so a direct utilization as pseudo-ground truth is
not optimal. Instead, methods are required to discriminate between reliable and non-
reliable predictions. For this reason, the distinctive operation of self-training methods
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Figure 3.6: Overview of output space adaptation methods: Simplified and exemplary
schematic visualization. Deviations of certain approaches from this basic scheme
are possible.

is mostly the filter operation yTpseudo = U(y), which removes predictions with low
confidence. A small sub-taxonomy of self-training methods is given in the second
column of Table 3.3 on page 55. These methods are particularly often used in hybrid
approaches and only rarely as stand-alone adaptation methods. Some methodological
characteristics are shared among self-training methods. At the beginning of UDA
research, one of these was a so-called warm-up step [150, 151, 278], where a different
adaptation method is employed to obtain an initial adaptation of the network and
a better start performance for the pseudo-labels. However, with the rise of hybrid
methods, dedicated warm-up steps became obsolete. Also, often multiple iterations
or stages of self-training are performed to iteratively increase the performance of the
pseudo-labels [151, 283, 304, 305].
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Global Thresholding: Global maximum softmax thresholding is the simplest
method employed by several approaches (see Table 3.3 page 55). These approaches
take the softmax probability distribution P (k|i, x) as a pixel-wise confidence estima-
tion of the network and filter out every pixel whose maximum softmax probability is
below a certain class-independent threshold, often 0.9 or 0.95.

Adaptive training: Several other researchers propose extended softmax thresh-
olding mechanisms belonging to the adaptive softmax thresholding category. One im-
portant motivation for this group of methods is not to treat all classes in the same way
but employ different adaptive thresholds to the classes since not all classes have similar
output probability distributions due to the domain shift. Class-balanced self-training
(CBST) [304] introduced these class-wise thresholds as one of the first works. It com-
bines output normalization and class-specific quantile-guided thresholding. The best
ρk percent of the pixels per class k are chosen as a pseudo-label, and ρk is increased
over the self-training iterations. Other approaches only use the class-wise quantile-
guided thresholding as a self-training method, where the top p% pixels of each class
is selected, e.g., CCM [125], CSCL [41], APL [213], PA+CCR [147], and SCDA [132].
Additionally, regularization methods for CBST were proposed.

Entropy-Based: Computing the entropy over the pixel-wise softmax probabilities
presents another way of determining a measure for uncertainty. The entropy is high if
all class probabilities are approximately equally distributed and low if only one class
has the probability of one. Several methods apply the above-mentioned thresholding
to this uncertainty measure to determine the reliable labels for training. Examples for
this are e.g. [87, 165, 297] Apart from being used to create a supervision signal for the
unlabeled target domain directly, the entropy is used implicitly, also. Approaches like,
e.g., [125, 224, 238] minimize the entropy of the pixel-wise predictions. This optimizes
the network to create more confident predictions on the target domain.

Image-Level Self-Training Next to the standard pixel-wise self-training with soft-
max thresholding, self-training on larger patches with patch-level pseudo-labels is con-
ducted in a curriculum manner. The patch-level labels are obtained by average pooling
on the pixel-level labels and thresholding. This method’s highest level of abstraction
is the prediction of the global label distribution of the entire image. CDA [277] uti-
lizes the prediction of global image class distribution and superpixel class distribution.
Logistic regression and a support vector machine are used for the corresponding tasks,
and no pixel-level pseudo-labels are utilized. The authors argue that estimating global
class distributions is easier than pixel-wise pseudo-label prediction. Similarly, pivot
interaction transfer (PIT) [146] utilizes multi-nomial logistic regression. It is trained
on the source domain with the image-level class distribution to train multiple region
expansion units.

Ensemble Learning: Ensemble learning is a commonly applied method for various
applications for uncertainty quantification [1]. Ensemble learning refers to a group of
methods where two or more predictions of different DNNs or different (segmentation)
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heads are included to obtain the final prediction. SAC [128] proposes a classic ensemble
learning method by training two segmentation networks with correspondingly trans-
lated source and target images. The predictions on the target image are averaged and
filtered by a softmax threshold to obtain the pseudo-labels. The MRNet [291] method
is different by only using a second classifier head, which takes features from a differ-
ent layer for weighted prediction summation. EPS-UDA [262] employs three semantic
segmentation heads with a shared encoder but differs from other ensemble learning
methods in two ways. First, each head is trained with the outputs from the two other
branches. The valid pseudo-labels are only assigned when both outputs agree, making
this the only method where this hard constraint is employed instead of, e.g., averag-
ing. Second, the agreement between the heads is measured using KL divergence, which
is then used as a weighting factor. For UDA approaches, ensemble learning is often
closely connected to the group of multi-inference self-training methods, where different
versions of one image are fed into the network, and multiple predictions are combined
to get a more robust final prediction. These methods can be seen as an extension of
the standard ensemble learning methods with Monte Carlo uncertainty estimation. In
FDA [267], three independently trained networks are utilized, and each network re-
ceives differently style-transferred input images. The predictions of all three networks
are averaged, and an argmax operation obtains the prediction. SIT [29]] follows a
similar scheme. However, instead, it uses a stochastic style transfer to vary the style
of the translated images and trains a triplet of networks with a large style variety of
the translated input images. One of these networks is trained with ten different style
transfers per image, which can be seen as a Monte-Carlo-like uncertainty reduction by
averaging over the predictions. The outputs are averaged across the three networks,
and class-balanced self-training is applied to further filter the pseudo-labels. DPL [28]
employs a similar method, having a target and a source network. With both target
images and source style translated target images, for the source network, two different
predictions are obtained, averaged like in FDA, and the known maximum softmax
thresholding is applied.

A crucial design choice for ensemble learning architectures is the number of different
networks or network heads. STAR [140] introduced an alternative to a fixed num-
ber of classifiers. Instead, the authors propose to model a distribution of classifiers
as a multivariate Gaussian and randomly sample the model weights from this learned
distribution. During training, the weights themselves are not optimized, but the distri-
bution parameters from which the weights are then sampled. In practice, the method
employs two different classifiers, which should lead to similar results as training with
an infinite number of classifiers. It can, therefore, be seen as a stochastic variant of
CLAN [143]. The authors of CorDA [246] argue that depth prediction can be used
as a proxy for the actual domain shift estimation. The target images are processed
through a source and a target depth prediction network, and the difference between
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these predictions is computed. If the depth prediction difference is high, the according
pixel gets a low weight in the self-training loss assigned, and vice versa.

Discriminator Confidence: Using discriminator confidence is a less popular self-
training method and is only possible adjacent to an adversarial learning framework.
The underlying assumption of these works is that those pixels where the discriminator
has high confidence are also good pseudo-labels. AL+ST [215] exploits a pixel-wise
domain discriminator to use these outputs as a confidence estimate for the target
predictions. The thresholding of the discriminator confidence values is the same as the
class-wise quantile-based softmax thresholding. MADA [206] applies a very similar
principle but combines it with the softmax probabilities.

3.2.5.2 Adversarial Learning

The basic idea of this kind of approach is to attach a discriminator after the segmenta-
tion probability output. This discriminator is trained to predict if a predicted semantic
segmentation originates from a source or target input on the image-level. A simple
visualization of this idea is shown in Figure 3.6 (top) on page 56. By backpropagating
this adversarial loss, the segmentation networks should output similar segmentation
distributions for both the source and target domain since the segmentation network will
try to fool the discriminator with similar outputs. The target predictions will become
more similar to the source, and the network becomes adapted to the target domain.
This principle also works for two different discriminators as proposed by AdaptSegNet
[233]. One receives the standard high-level softmax output, and the second discrim-
inator ensures a low-level adaptation by getting segmentation predictions only based
on lower-level features. Several other works employ adversarial output adaptation as
proposed by AdaptSegNet in addition to other methods [16, 102, 134, 244, 265, 281].
A minor change to the original adversarial learning method is to replace the source
input with a style-transferred source image whose style is more similar to the target
domain [162, 213, 263]. A straightforward extension is multi-level adversarial learning,
which distinctive characteristic of AdaptSegNet is the utilization of features in multiple
different network layers for the adversarial adaptation. SASP [204] applies two types
of adversarial adaptation. Next to the known output adversarial learning, it concate-
nates multiple latent layers before sending the concatenated result to a classification
layer and applying the adversarial loss. The authors also reason that the earlier layers
receive a strong learning signal from this multi-layer fusion. MLAN [90] also proposes
multi-level adversarial adaptation but has a different argumentation and approach. In
global alignment, no local distributions can be adapted, so MLAN introduces region-
level adversarial learning where relations between small patches are utilized to reach
fine-grained region-level adaptation. In addition to the connection between local and
global alignment, consistency maps on multiple levels are calculated.
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3.2.5.3 Consistency Output Adaptation

The idea of consistency output adaptation is to enforce two or more different net-
work outputs to be similar using a dedicated loss function. In UDA research, several
approaches employ consistency learning in the output space. RPT [280] proposes an
entire consistency framework combining three different levels of consistency. For patch-
wise consistency, superpixels are computed, and all pixels within these superpixels are
enforced to have the same predicted class. A similar strategy is conducted for cluster-
wise consistency, where the superpixels are grouped into clusters and enforced to have
the same predicted majority-voted class. On top of that, an LSTM is used to enforce
a similar spatial structure for the source and target.

Augmentations: It is a widely adopted method in consistency learning to use two
or more different style versions of the same image and enforce the network to predict
the same outputs since the semantic content, i.e., the classes, are the same. Generally,
one can distinguish two ways to generate different versions of the same image: rule-
based, such as image augmentations, and learnable, such as GANs and CycleGANs.
SUDA [285] creates two different spectral views of the same target images and applies
an L1 consistency loss to obtain similar predictions.

A popular and simple way are image augmentations which can severely change image
characteristics such as sharpness, contrast, hue, etc. PA+CCR [147] augments the
target images with color jitter and enforces the prediction to be similar to the prediction
without augmentation. The standard cross-entropy loss can be used since the clean
prediction is treated as a one-hot encoded pseudo-label that the augmented prediction
has to match. PixMatch [152] applies multiple different augmentations, including the
discrete Fourier transformation. The consistency loss (cf. PA+CCR) is applied, making
consistency learning and self-training very similar in this setting.

DACS [231] introduces cross-domain image-level mixing and blurs the distinctive
boundaries between consistency learning and self-training. The training can be un-
derstood as both self-training on mixed labels and consistency learning to predict the
same classes independently from added source content in the target image.

Style transfer: Another line of work uses a GAN or CycleGAN to obtain different
image styles. SUIT [126] employs a GAN to transfer source images to the target
style and then enforces consistency between style-transferred and real source images
by cross-entropy loss. SAC [128] follows a similar idea but trains two distinct networks
and enforces consistency using an L2 loss. CrDoCo [24] is similar to this approach but
uses a CycleGAN and two domain-specific networks to enforce the output prediction
consistency with a bi-directional KL divergence. MSS [229] follows a similar approach
but applies the consistency loss for both the source and target domain and utilizes
the cross-entropy as the consistency loss. APODA [264] employs a more sophisticated
technique since the features are perturbed with an adversarial attack, and an L2 loss
enforces the prediction of both the clean and the perturbed maps to be the same.
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Knowledge distillation: A popular and straightforward application of consistency
learning is knowledge distillation, where the knowledge should be transferred from a
teacher network to a student network. SEAN [259] proposes a typical UDA knowledge
transfer framework. After being augmented, the target images are processed by both
a student and a teacher network, and an L2 consistency loss enforces the two different
target predictions to be similar.

UACR [296] extends this basic idea with an uncertainty module and a second con-
sistency loss. Two uncertainty-weighted mean squared error losses (MSE) are applied
as the consistency loss to enforce student and teacher networks to generate similar pre-
dictions. At the same time, a class-wise mask is used to enforce consistency between
perturbed and non-perturbed images. Notably, these losses are the only adaptation
losses applied in this approach.

MRNet [291] is distinct from the other works since the authors argue that a second
additional classifier with a shared encoder can also act as a teacher and regularize the
main model; the KL divergence loss is used to obtain output consistency.

The original domain mixture idea from DACS is further extended by DSP [57]. It
pastes domain-specific content in both directions, so source and target domain images
are modified with content from the other domain. The cross-entropy loss is a com-
bination to enforce both the source and the target content-based predictions to be
consistent with the corresponding unmixed labels. The clean predictions are obtained
from the teacher, and the mixed predictions from the student model, so it also enforces
consistency between these two models.

SAC [3] relies on strong image augmentations for the inputs for a momentum network
that is updated as a moving average of the student network. In contrast to UACR,
a single focal loss enforces the consistency between the momentum and segmentation
network. Similar to UACR, predictions from multiple crops are averaged to obtain
more confident pseudo-labels.

BiSIDA [245] combines knowledge distillation and style transfer. It processes the
original target image, and several different style transferred images of that original
image through the network. The style transfer predictions are averaged and utilized
as the pseudo-label in the consistency loss.

CDGA [104] shows that consistent adaptation can also be conducted on the class
distributions predicted from an additional network, which are enforced to be similar
according to an L2 loss.

SAM [34] is the only work combining consistency and a self-attention learning mech-
anism. A self-attention module receives the segmentation output, and an L1 loss then
enforces the predicted output to be similar to two self-attention maps. This should
improve adaptation since the attention maps enforce a focus on inter-pixel correlations.

61



Chapter 3 Reducing Manual Annotation Effort with Unsupervised Domain Adaptation

3.2.5.4 Depth

It is a straightforward idea to enrich the domain adaptation process with additional
or surrogate information to simplify the adaptation process. A dominant modality is
depth information because of its close relation to the actual semantic segmentation
map and because it is possible to obtain ground truth without human labeling effort.
Since the output of the depth estimation is mostly utilized, depth-enriched adaptation
can be seen as another category of output space adaptation.

SPIGAN [114] proposes a framework that may utilize multiple kinds of additional
information from the source domain but evaluates on depth data. It trains a second
decoder (with a shared encoder) network for depth estimation in the source domain
with an L1 loss. GUDA [70] builds upon a similar architecture as SPIGAN but extends
it with new components. Next to the depth estimation, the additional prediction of
depth surface normals serves as a regularization for the depth prediction task. More
importantly, domain adaptation may benefit in two ways from the depth information.
First, via the shared encoder, which additionally learns depth prediction for the source
domain. Second, via an image synthesis task, where both the target depth prediction
and the previous frames are required to predict the target image.

DBST [14] is the only approach that incorporates self-supervised depth estimation
on the target domain to obtain depth labels for this domain, which is different from
CorDA, where the depth is not used as a label in the target domain. DBST contains
two separable units that rely on depth information. The first unit trains one network
on the depth labels in both domains and a second network on the segmentation labels
of the source domain. A transfer network then predicts the semantic output from the
depth network so that the depth knowledge of the target is utilized for the segmentation
task. The second unit can be seen as a depth-guided version of DACS [231]. The depth
information is leveraged to mix source and target content in a more meaningful way
and to generate a more diverse dataset for self-training.

3.2.5.5 Contrastive Learning

Contrastive learning is mainly applied directly in the feature space, but some ap-
proaches exploit it for the output space. The basic principle here is the same: the
network is trained to output similar representations for similar inputs or classes and
vice versa.

The approaches PWCL [136], CLST [150], SDCA [132], RCCR [298], and UCDA
[284] all have in common that the contrastive adaptation operates in the feature space.
However, to compute positive and negative pairs, all access the output space to obtain
the pseudo-labels, which directly correlates to output space alignment since reliable
pseudo-labels are important for the adaptation process.

This also applies to PLCA [98], but it is the only work that conducts multi-level
contrastive learning on both the feature maps and the semantic predictions. For the
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Table 3.4: Adaptation methods for input, feature, and output spaces using different tech-
niques. The papers are grouped based on their use of techniques across these
spaces.

Adaptation Space Approach

Input Feature Output

✓ ✓ [65], [74], [144], [207], [252], [271]

✓ ✓
[16], [23], [28], [29], [31], [34], [70], [87], [90], [102], [104], [114], [123], [128], [134], [162],
[193], [199], [213], [231], [234], [245], [263], [265], [266], [267], [268], [285], [297], [294],
[296], [302]

✓ ✓
[17], [27], [40], [41], [86], [90], [91], [98], [129], [132], [137], [145], [150], [165], [166] [206],
[225], [233], [237], [247], [249], [254], [256], [257], [259], [262], [264], [274], [278], [279],
[280], [281], [283], [284], [291]

✓ ✓ ✓
[3], [12], [14], [24], [33], [42], [57], [58], [92], [104], [116], [136], [138], [141], [147], [178],
[229], [244], [246], [269], [282], [298]

latter one in the output space, the authors choose a different metric to compute the
similarity and their positive pairs between source and target prediction, namely the
Kullback-Leibler divergence.

3.2.6 Hybrid Methods

Early in the research, it became evident that the methods of the different adaptation
spaces can be combined to increase performance. A large group of research works
has emerged from this idea, referred to as hybrid domain adaptation approaches. The
complexity of different approaches and ways to combine techniques is large. Therefore,
a two-level grouping is provided to ease the overview. The first-level grouping is done
according to the variations of how the different spaces can be combined. This results
in four different fields, as shown in Table 3.4.

The terms mutually independent and mutually dependent approaches are introduced
for the second-level grouping. Mutually independent describes approaches where the
different methods are combined independently so that the approach would still work
without one of the spaces. That, in turn, means that the methods from the different
spaces do not directly rely on each other w.r.t. the information flow. A simple ex-
ample would be a style transfer method with multiple loss functions for input space
alignment. Softmax-based self-training can be "attached" for increased output align-
ment so that both techniques build a framework but are still independent. Mutually
dependent approaches combine techniques that closely interact with each other and
are directly dependent on the other space, e.g., style transfer provides the input for
output consistency learning.
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3.2.6.1 Input and Feature Space Adaptation

Mutually independent approaches: CyCADA [74] is one of the most popular
approaches that combines input and feature-level techniques in a mutually independent
manner. Next to a style transfer with a CycleGAN, adversarial learning on the feature
level is applied. The approach DLOW [65] works similarly and only extends the style
transfer by a domainness factor for higher style diversity. Closely related to that, GAM
[84] utilizes CycleGAN-transferred images for pre-training and independently applies
deep activation matching afterward. Likewise, the idea of DACL [207] is similar but
applies contrastive learning in the feature space.
Mutually dependent approaches: LWC [271] combines input-level and feature-
level adversarial learning within one framework. However, both techniques interact.
The input style transfer enables feature-level adversarial learning, forming a mutually
dependent approach.

ASM [144] is different because it utilizes an autoencoder-based style transfer to
generate mini-batches with different stylized versions of the same image. This style
transfer is necessary to enforce feature consistency across the mini-batch.

3.2.6.2 Input & Output Space Adaptation

Mutually independent approaches: APL [213] and DISE [16] are exemplary ap-
proaches for this sub-cluster with a focus on input space adaptation. APL consists
of an input-level image reconstruction adaptation along with self-training. DISE em-
ploys a complex input adaptation module in combination with output space adversarial
learning. Similarly, LTIR [102] first aims to learn texture-agnostic representations by
both domain-randomized and translated images, followed by the second stage with
adversarial learning and self-training. Unlike these approaches, PCEDA [266] focuses
on input and output adaptation by Fourier phase consistent style transfer and an
additional network to encode the source segmentation priors in the output space.

A large group of approaches focuses on output space adaptation, with input space
adaptation added as an independent subcomponent. The three methods PixIntraDA
[268], MAGD [134], and MLAN [90] have in common that they focus on output-level
adversarial learning but additionally utilize a Cycle-GAN-based style transfer to in-
crease the performance further. ASANet+ [294] focuses on output space structure
learning but includes a style transfer to show the orthogonality of their method. In
contrast to the other approaches, SPIGAN [114] and GUDA [70] include depth infor-
mation in their adaptation methods, and both conduct image-level alignment. Ad-
ditionally, SPIGAN attaches an adversarial-based technique to their multi-task depth
and segmentation network. Unlike that, GUDA combines depth prediction with a view
synthesis module.

PTP [302], and CAA-Net [193] are distinct from the other approaches by combining
image reconstruction techniques with output space methods. PTP is special since it
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utilizes the so-called conservative loss in the output space.
Mutually dependent approaches: The mutually dependent combination of style
transfer and self-training closely relates to ensemble-like learning. FDA [267], SAC
[128], and SIT [29] all share the same hybrid idea of generating multiple versions
of the same image using style transfer and training multiple networks to obtain the
pseudo-labels. DPL [28] employs two networks to process images in both translation
directions. All three methods, style transfer, adversarial learning, and self-training, are
applied for both translation streams. This group of approaches obtains a better-aligned
input space and directly utilizes that to increase the confidence of the pseudo-labels
for output space alignment. In contrast to these approaches, the hybrid idea of DACS
[231] is more straightforward because it computes pseudo-labels only based on mixed
images from both domains. CVRN [87] and SUDA [285] both differ from the other
approaches since they focus on consistency between different styles. CVRN combines
inter-style and inter-task regularization loss, and SUDA combines input adversarial
learning with a consistency loss for the different stylized image versions.

Several other methods integrate style transfer, self-training (or a different output
space adaptation method), and adversarial output learning into adaptation frame-
works. SA-ITI [162] combines these three methods, while BDL [123] has to be high-
lighted because they propose a framework that utilizes more interaction between the
two spaces. The learned segmentation model is utilized for the perceptual loss of the
translated images. The framework uses an iterative interaction between input and
output space next to self-training and adversarial learning.

Knowledge distillation from a teacher to a student network is another combination of
input and output adaptation that can be categorized as a mutually dependent frame-
work. TGCF-DA [31] proposes an exemplary framework where the source images are
translated to a target-like style and used as input for the student network. UACR [296]
and CAMix [297] follow a similar scheme, but CAMix inputs domain-mixed images to
the student network instead of a style transfer. In contrast, BiSIDA [245] employs style
transfer in both directions; therefore, student and teacher networks receive images from
both domains with a shared style.

3.2.6.3 Feature and Output Space Adaptation

Mutually independent approaches: AdaptSegNet [233], SEDA [27], MLAN [90],
CGDA [145], and CrCDA [86] all utilize the adversarial learning for distribution align-
ment in the output and the feature space. Similarly, CLS [137] and DAST [274] com-
bine the adversarial alignment of distributions in the feature space with a self-training
method in the output space. This cluster contains self-supervised learning techniques
introduced in Section 3.2.4 and self-training approaches described in Section 3.2.5. The
approaches SSS+ST [165] and SePiCo [256] apply contrastive clustering as described
in Section 3.2.4 and self-training in the output space. SWLS [40] falls in a similar
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category, but they utilize an adversarial loss for output space alignment. A com-
mon strategy for mutually independent feature and output space alignment is utilizing
feature-level adversarial learning [233] in addition to another output technique. Sev-
eral approaches follow this idea. RPT [280] proposes output patch consistency. SSDA
[257] combines adversarial learning with self-supervised pretext tasks. JAL [281] adds
a weight transfer, while CRA [249] is proposed as an additional technique to any UDA
method and can be combined with adversarial learning. VAE-UDA [129] applies an
autoencoder-based output space alignment and adversarial alignment. PFR [279] and
SRDC [225] are slightly distinct from these works because they utilize output adversar-
ial learning in combination with style minimization and feature clustering, respectively.
The authors of SEAN [259] instead combine a self-attention mechanism in the feature
space with an output consistency loss.

The approaches DADA [237] and CTRL [194] apply an implicit distribution align-
ment in the feature space by training depth regression on the source and target domain
and an adversarial alignment of the distributions in the output space. Similarly, GUDA
[70] and CorDA [246] utilize depth regression as self-supervised training but use self-
training in the output space.
Mutually dependent approaches: The approaches MCD [195], SWD [113], and
BCDM [131], which utilize the maximum classifier discrepancy, fall into this category
and have a very close and crucial interaction between feature and output space. Their
three-step iterative adversarial learning scheme (see Section 3.2.4) works because the
feature extractor and two classifier heads are updated alternatingly so that feature-
and output alignment directly support each other.

A crucial challenge for contrastive learning is the definition of semantically mean-
ingful positive and negative pairs. Often, class information is accessed to guide the
selection of positive and negative pairs, which creates a close mutual dependence be-
tween feature and output space. Different approaches such as ProDA [283], CLST [150],
SPCL [254], and EPS-UDA [262] follow this principle. The actual adaptation happens
in the feature space, but reliable pseudo-labels in the target domain are required,
so both spaces are strongly dependent. The additional application of self-training is
widespread.

Similar to this principle, another group of mutually dependent approaches directly
utilizes the feature prototypes or anchors for assigning pseudo-labels. This method
of assigning pseudo-labels creates a strong interdependency of both spaces since the
quality of pseudo-labels directly relies on the extracted prototypes. SCDA [132] is an
exemplary work for this, and also UCDA [284], CAM [247], and CAG [278] utilize this
idea.

The approach presented in MADA [206] presents an example of mutual dependency
between feature and output space. The authors apply adversarial training at low-
level and high-level feature maps combined with self-training based on the classifier
and discriminator confidences. CSCL [41] utilizes a more complex mutual interaction.
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Next to self-training and adversarial learning, a critic function aims to distinguish
between domain-specific and domain-invariant knowledge and closely interacts in the
feature- and output space.

3.2.6.4 Input, Feature & Output Space Adaptation

Mutually dependent adaptation: A notable pattern of mutually dependent adap-
tation is the utilization of input space based domain mixing, i.e., content from source
images is pasted to target images and/or vice versa. All three approaches RCCR [298],
DAP [92], and BAPA-Net [138] are building upon this mechanism that DACS initially
proposed; DISE-CT [116] also employs source and target domain mixture. RCCR
closely connects the three spaces by processing the mixed images with a student-
teacher framework and a consistency loss in the output space. The latent features of
the student and teacher network are used for contrastive learning. BAPA-Net [138]
instead uses the domain mixture to enforce the boundary consistency on feature and
pseudo-label-level. DAP [92] must be highlighted in this context since it introduces a
novel extension at the intersection of feature and output space, including input space
alignment. As the only currently known UDA approach for semantic segmentation, it
introduces another modality by using word2vec embeddings [154] as domain invariant
priors and projects them together with the mixed semantic output to enforce similarity
between the priors and actual network features.

CrDoCo [24] and MSS [229] formed another group of mutually dependent approaches.
They both utilize feature-level adversarial learning and then connect input and output
space by applying style transfer to compute consistency loss between the predictions
of the different stylized images. DSP [57] and SSAC [3] are very similar because they
connect input and output space utilizing a teacher-student framework. For DSP, the
student network receives domain mixed images, and a weighted CE-loss is computed
for both source and target mixed images in the output space. Independently from
this, a local and global MMD loss is applied in the feature space. Similarly, SSAC
applies augmentations to obtain different versions of the same image. Additionally,
target BatchNorm adaptation is conducted independently in the feature space.

Unlike previously described works, another familiar pattern of mutually independent
approaches is the close interaction between feature and output space. A popular
representative of this idea is SIM [244]. Feature and output space are closely connected
to compute class-wise feature representations in the latent space and minimize the
distance between source and target features. Independently from that input space
adaptation following BDL and adversarial feature adaptation is applied. DCAA [12]
also has an independent input adaptation module. However, attention-based feature
adaptation and self-training output adaptation interact using attention weights for
pseudo-labels and an attention discriminator. BiSMAP [141] instead introduces a
novel utilization of the three adaptation spaces. First, a Gaussian mixture model
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in the feature space is used to assign the pseudo-labels, which are used to train a
student-teacher framework along with a consistency loss.

Distinct from the previous works, KATPAN [42] employs three mostly indepen-
dent domain adaptation modules in input, feature, and output space. The feature
adaptation module has a connection to the style transfer module, making KATPAN a
mutually dependent approach. The feature transferability information is used to weigh
the style transfer bottleneck and improve the input-level transfer of well-transferable
regions.
Mutually independent adaptation: Some works mainly vary in feature space adap-
tation methods among these approaches. An exemplary approach for this is CIR [58],
where the style transfer with a CycleGAN and adversarial discriminator acts indepen-
dently from the attention mechanism in the feature space and output-level self-training.
CADA [269] is very similar to that in the input and output space; only the feature-
level channel and spatial-wise attention mechanism are different. The same applies
to MCSSF [33], which employs standard input and output space methods but uses a
cosine similarity-based feature centroid alignment. WDA [178] shares the same under-
lying idea with slightly different modules. It combines an attention mechanism in the
feature space with class-wise discriminators and image-level class existence prediction
on the output level.

There are two contrastive learning frameworks among the mutually independent ap-
proaches. CFContra [224] and PWCL [136] share the idea of embedding feature-based
contrastive learning methods into a larger framework with style transfer. Both apply
entropy minimization in the output space. In PWCL, a patch-matching module is re-
quired to compute positive and negative pairs, and self-training is conducted. CorDA
[246] and DBST [14] utilize domain mixture techniques along with depth information
in slightly different ways. Building upon DACS, CorDA uses depth information and
a feature-level attention mechanism to enable knowledge exchange between the depth
and semantic stream, followed by a depth disparity-based output alignment. DBST
connects the three spaces in a different mutually independent manner because it first
applies a feature-level transfer between two networks before a depth-extended DACS
version is used.

In contrast to the other works, only the input space alignment of PA+CCR [147]
enforces inter-domain alignment by style transfer. The feature space centroid align-
ment and output space consistency alignment work independently and only within the
source and target domain, respectively.

3.2.7 Discussion

The previous sections provided an introduction and overview of the categories of un-
supervised domain adaptation visualized in Figure 3.2 on page 31. Figure 3.3 on page
32 provides insight into the quantitative evaluation of UDA approaches over time,
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while the approach categories are color-coded. The scenario that is depicted is the
adaptation from the synthetic datasets GTA5 and Synthia to the real-world dataset
Cityscapes. This scenario is the most commonly used benchmark for determining the
adaptation performance for semantic segmentation.

If the different categories of approaches are compared in Figure 3.3 it becomes evi-
dent that feature and input space methods do not cross the 50% mark. Output space
adaptation approaches work best among the nonhybrid approaches. However, hybrid
approaches are necessary to reach the current state of the art. Especially recently,
most of the approaches seem to fall into the hybrid category.

The improvements hybrid models yield are most likely the result of the combina-
tion of the different sub-methods. E.g., ProDA [283] utilized knowledge distillation,
contrastive learning, self-supervised learning, and self-training, which obtained a new
state of the art performance of 57.5% mIoU for CNN networks. Apart from the fact
that such methods seldom introduce larger methodological novelties, the combination
of different methods introduces a larger number of hyperparameters. The increased
number of hyperparameters introduces the need for finetuning them. This finetuning
is usually done based on a target domain validation set, which is not always available.
Therefore, a low-complexity training structure with fewer hyperparameters would be
ideal. Later, this chapter shows (c.f. Section 3.3) how to use synergistic effects between
the sub-methods to create low-complexity hybrid methods.

Advanced network structures yield practical domain adaptation advantages through
better generalization capabilities. Better generalization, e.g., means that pseudo-labels
are more reliable. Vision Transformers, e.g., used in the HRDA [78] or DAFormer [77]
approaches yield such improved generalization properties. They have three potential
advantages over conventional CNN architectures. The first difference is related to the
self-attention mechanism, which is supposed to learn the relations between different
patches. This causes a larger receptive field [255] and enables the transformer networks
to incorporate more global contextual information at the early layers [184], which
might be one reason why occlusions cause a smaller performance drop than for CNNs
[163]. Second, CNNs are considered sensitive to texture [61], a crucial problem in
domain adaptation. In contrast to that and following the current research, vision
transformers focus more on the shape of objects, making them more robust to texture
shifts [163]. Third, Raghu et al. [184] observed that vision transformer networks could
better propagate location information through the network than CNNs, which is a
beneficial property for localization tasks such as detection and segmentation.

Figure 3.2 on page 31 demonstrates the relevance of the UDA field in recent years
by the number of papers published. Given a simulation environment, synthetic data
is free. Therefore, UDA approaches allow the elimination of manual annotation by
adaptation to real-world data. Hence, UDA from synthetic to real-world datasets can
save a lot of costs and effort for real-world applications and is, therefore, commercially
interesting. UDA approaches that are relevant for real-world applications should be low
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Figure 3.7: This figure shows the integration of the domain adaptation into DeepLabV3+ [20].
The semantic segmentation is trained in a supervised manner on the source do-
main. The semantic clustering is applied to the target domain data. Semantic
clustering is performed on the pre-logit feature map, which is 1/4 the size of the
original image.

in complexity and introduce generalization. The following presents a low-complexity
approach and shows its effectiveness in the synthetic to real use case and multiple real
to real adaptation use cases, including an application to medical datasets.

3.3 Domain Adaptation and Generalization: A
Low-Complexity Approach

As the previous section discusses, most approaches that make up the current state
of the art in UDA fall under the hybrid model category. Since these hybrid mod-
els combine several approaches, they often consist of a complex architecture. The
papers "Combining Semantic Self-Supervision and Self-Training for Domain Adapta-
tion in Semantic Segmentation" [165], "Overcoming the Sensor Delta for Semantic
Segmentation in OCT Images" [168] and "Domain Adaptation and Generalization: A
Low-Complexity Approach" [166] by Niemeijer et al. presented low-complexity ap-
proaches for unsupervised domain adaptation. These works introduced the category
of semantic clustering for unsupervised domain adaptation. Building on the success of
the semantic clustering the work discovered a synergistic effect of self-training and se-
mantic clustering that allowed for low-complexity architecture for domain adaptation.
The following part of the chapter first introduces the methodology of the approaches
and then applies and evaluates them in unsupervised domain adaptation scenarios on
medical datasets and driving datasets. Additionally, the generalization introduced by
the adaptation to third unseen domains is analyzed.
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Figure 3.8: This figure shows feature representations and class centroids of a source domain
batch (left), the normalized similarity of a target feature representation (yel-
low triangle) to all centroids (center), and the effect of minimizing the entropy
(cf. Section 3.3.1), which causes the target representation to move closer to its
closest centroid (right).

3.3.1 Semantic Clustering

The aim of semantic clustering, which is a variant of self-supervised learning (see Sec-
tion 3.2.4.3), is to align the class-wise feature space distribution of the target domain
with the class-wise distributions of the source domain. The pre-logit feature repre-
sentations are utilized in the provided implementation, as shown in Figure 3.7. Each
element of the feature space fj represents a certain part of the input image (corre-
sponding to the receptive field). In the case of a semantic segmentation architecture
like the one shown in Figure 3.7, the number of pre-logit feature representations Nt

depends on the spatial size of the image. For example, the DeepLabV3+ architecture
yields Nt = width×height

4 . Each entry fj is a vector that is L2 normalized. The tuple f

f = [f1, · · · , fNt ] (3.1)

contains the feature representations fj . The general idea of semantic clustering can be
understood from Figure 3.8. The respective mean representation of all the elements
belonging to the source domain class is chosen to represent the source domain class
distributions. The aim is to cluster the target domain feature representation to the
closest class centroid. It is implicitly assumed that the closest centroid belongs to
the same class as the given target domain feature representation. Given that this
assumption is true, the semantic clustering process aligns the class-wise distributions
from the target domain to the source domain.

The approach for clustering is inspired by the method presented in [196]. However,
the class prototypes are not represented using the normalized weights of the classifi-
cation neurons. The reason is that these classification normals are strongly affected
by outliers, which causes the normals to fluctuate a lot during the training process.
Clustering towards a noisy cluster center makes convergence hard for the algorithm.
Eventually, this leads to misrepresented centroids of the class representations in the
pre-logit layer. Instead, the centroids should be computed in a probabilistic way.
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In every training step, first, the pre-logit representations fsrc of the batch of source
domain images BS are computed. Since the approach is implemented for the seman-
tic segmentation architecture shown in Figure 3.7, every image yields a number of
width×height

4 pre-logit representations fsrc (cf. Chen et al. [20]). The feature repre-
sentations are partitioned regarding the classification results of the model to compute
the expected values EK(fsrc) for each of the K classes as shown in Figure 3.8 (left).
Each expected value Ek is a centroid for the cluster of class k, respectively. Why not
use the ground truth instead of the classification results? Representations of wrongly
classified pixels are within another centroid’s area instead of being close to their class
prototype. Therefore, they corrupt their centroid’s position by being an outlier.

Since the current batch BS only represents a subset of the entire dataset, a running
average of the class centroids is computed iteratively.

ck = ck ∗ α + Ek ∗ (1− α) (3.2)

Intuitively, α affects the accuracy of rare classes. Section 3.5.1 discusses how to choose
this hyperparameter α.

Given the updated centroids ck, the clustering method presented by Saito et al. [196]
is applied for the samples in the target domain Batch BT . As suggested there, first, an
L2 normalization is performed on the class centroids ck and the target domain pre-logit
feature representations f t that result from the images present in BT . Each element of
the similarity matrix pj,k for every fj ∈ f t and class centroid ck is computed as:

pj,k =
exp(c⊤

k f t
j /τ)

Zj
(3.3)

The neighborhood parameter τ is set to 0.05 according to the best practice by Saito
et al. [196]. Since ck and f t

j are L2 normalized, computing the dot product yields
the cosine similarity as illustrated in Figure 3.8 (center). The soft-max normalization
parameter Zj is

Zj =
K∑

k=1
exp(c⊤

k f t
j /τ). (3.4)

Finally, the loss function computes the overall entropy of all elements pj,k:

Lnc = − 1
|BT |

∑
j∈BT

K∑
k=1

pj,klog(pj,k) (3.5)

|BT |, in this case, represents the number of feature representations in the target domain
batch BT . Figure 3.8 (right) helps to understand the effect of minimizing this loss
function: Intuitively, each element of f t moves closer to the most similar centroid in
terms of the cosine similarity computed in pj,k.
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3.3.1.1 Uncertainty Weights

The loss function described in Section 3.3.1 implicitly assumes that target samples
are closer to the centroid of their respective ground truth class than to the others.
Since this assumption does not hold in every case, the original method is extended
with a measure of uncertainty. A standard measure for the uncertainty of the network
predictions is the entropy of the class confidences. This measure is used to weigh the
loss function

Lnc = − 1
|BT |

∑
j∈BT

K∑
k=1

pj,klog(pj,k) · 1
1 + Hj

, (3.6)

where Hj is the class confidences’ entropy with respect to each fj . The entropy Hj is
computed over the average prediction of all pixels fj influences during prediction. The
weight factor 1/(1 + Hj) mitigates the influence of target samples that yield a high
classification uncertainty. The intuition is that the assumption above is more likely not
to hold when this uncertainty is larger. Unfortunately, by introducing the entropy as a
weighting factor, the loss function can be minimized by increasing the term Hj . This
problem is addressed by scaling down the gradients produced by this objective with
a factor of 0.01; thus, the objective is to cluster the pre-logit representations around
the most similar centroid dominates. This factor is explicitly not chosen as zero since
the objective acts as an additional counter loss for those cases where the maximum
similarity to a centroid is low.

3.3.2 Self-Training

The unsupervised domain adaptation introduced by semantic clustering yields a net-
work that can produce more reliable pseudo-labels. Therefore, applying a simple self-
training approach makes sense. Before training a model on the target domain utilizing
the self-training approach, pseudo-labels must be created for the target-domain images.
The pixel-wise entropy of the prediction is a measure of the uncertainty of the given
model. The entropy H is computed for the prediction yi,k (pixel i ∈ I) as follows:

H(yi) = −1 ·
K∑

k=1
yi,klog(yi,k) (3.7)

If the entropy of the prediction vector exceeds the threshold β ·log K, the corresponding
label is excluded. K is the number of classes, log K is the maximum entropy and
1 > β > 0 is the uncertainty threshold (see Section 3.4 for the parametrization).
Implementing an iterative adaptation process can improve the quality and impact of
the pseudo-labels for self-training. For example, each adaptation step must create new
pseudo-labels before resetting the model’s weights and (re-) starting the training.
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Figure 3.9: An overview of EasyAdapt’s internal dependencies (dashed lines): The source
domain training depends on the source domain data and labels; the self-training of
the target domain training depends on the target domain data and its previously
created pseudo-labels; the semantic clustering (a self-supervision variant) depends
on the target domain data and the feature clusters of the source domain data.

3.3.3 Source Training

Self-training approaches require models with a sufficient understanding of the data
to provide valuable pseudo-labels. Thus, this approach initializes the model with a
sophisticated supervised training method on the source domain to provide valuable
pseudo-labels. This supervised training includes a rich data augmentation and a class-
uniform sampling strategy. Zhu et al. [303] showed that a class-uniform sampling
strategy can significantly improve supervised training. Their class-uniform sampling is
adapted in the following way. First, a list of objects from the dataset is gathered, i.e.,
a list of polygons1, each with a class attribute and a centroid. During the training,
samples regarding uniformly distributed class attributes are generated from this list.
Eventually, each training batch combines randomly chosen crops and crops that are
centered around these polygons. A parameter 0 ≤ γ ≤ 1 controls the random and class-
uniformly selected sample ratio. This uniform sampling is paired with a strong data
augmentation consisting of Gaussian blurring, color jittering, and random scaling2.

3.3.4 Iterative Training

This work introduces a nested iterative training approach for domain adaptation based
on repeated application of self-training and semantic clustering (see Figure 3.9). The
process is initialized with training on the source domain (see Section 3.3.3). The in-
ner loop of the training process consists of training on the source and target domain,
stopping early after a short number of epochs. The training on the target domain com-
prises semantic clustering and self-training, implemented as described in Section 3.3.2
and 3.3.1. Upon finishing such an inner iteration, the outer loop of the training pro-

1The COCO format stores segmentation masks as polygons.
2These simple augmentations are available in the Tensorflow and PyTorch API.
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cess creates new pseudo-labels and repeats the process. Section 3.3.5 describes the
algorithm for the training process.

3.3.5 EasyAdap: Assembling the Bricks

Figure 3.9 describes the training process. First, the supervised training is performed
on the source domain data with class-uniform sampling and strong data augmentation
to gain an initial model M(0). Then, the process enters the domain adaptation loop.
Each adaption step first (re-) creates the pseudo-labels using the currently available
model M(n) (i. e., M(0) in the first iteration). After resetting the model’s weights (to
weights pre-trained on ImageNet[38]), the adaptation step starts training a new model.
The list of samples is rebuilt regarding random and class-uniform samples in each
training epoch. While iterating over the smaller (source- or target domain) dataset, as
many batches as the larger dataset allows are sampled, i.e., the sampling is restarted
from the smaller dataset until the processing of the larger dataset is finished. The
approach computes the semantic segmentation loss for each training batch using ground
truth and pseudo-labels for the source- and target domain data. The features of the
source domain data are used to update the running average of the class centroids. The
similarities between these centroids and the target domain features yield the clustering
loss. The model’s weights are updated using both loss functions.

3.4 Implementation and Experimental Settings

The previous part presented two approaches for unsupervised domain adaptation: se-
mantic clustering (see Section 3.3.1) and the EasyAdap approach (see Section 3.3.5).
The following part of this chapter presents the experimental evaluation of these ap-
proaches for the unsupervised domain adaptation in visual perception in automated
driving and medical image analysis. Therefore, the following section introduces the
general settings of the experiments and the concrete implementation of the approaches
in these experimental settings.

3.4.1 Experimental Setting

As described at the beginning of this chapter, different domain changes are important
(see Section 3.2). The real to real domain change refers to the difference between
two domains that consist of data from the real world. It occurs when, e.g., the sensor
of the training datasets and the sensor of the target data are different, or environ-
ment conditions change between the source and target domain. The simulation to
real domain gap occurs when adapting from a synthetic dataset created from, e.g., a
simulation engine like Carla [43] to a real-world dataset like Cityscapes [36].
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The semantic clustering was primarily developed for the real to real domain change.
Therefore, the experiments are focused on scenarios that fall into this category. For
the area of autonomous driving experiments, adapting between the Cityscapes and the
BDD [272] datasets are presented. Experiments for adapting between different OCT
sensor setups are presented for medical image processing. Section 3.5 of this chapter
contains these real to real evaluations.

The simulation to real domain gap is particularly significant in the development of
autonomous vehicles. The EasyAdap method presented in Section 3.3.5, which employs
a semantic clustering approach combined with self-training in an iterative adaptation
system, is especially effective in addressing this domain shift. This method was specifi-
cally developed with this scenario in mind. Hence, the experimental evaluation focuses
on the adaptation from the synthetic GTA5 [188] and Synthia [191] dataset towards
the real-world Cityscapes dataset. Given that the general objective of synthetic data
is to yield a network that generalizes well to many domains of the real world, exper-
iments regarding the domain generalization capabilities of the system are presented.
Section 3.6 of this chapter contains these synthetic to real evaluations.

The evaluation of the UDA approaches for the domain change contains three models:
the source-only model is trained on the source domain only, the Oracle model is trained
both on the source and the target domain and the respective UDA model that is
trained, supervised on the source domain, and unsupervised on the target domain.
The evaluation is done on the target domain. The Oracle is, therefore, the upper
bound of the performance and the source-only the lower bound.

3.4.2 Implementation

All of the experiments are based on an implementation of DeepLabV3+3 with a
WideResNet38 [253] backbone. All target domain training images are scaled to match
the size of the source-domain images. While the training of the model is done on
crops of 400 × 400 pixels in batches of 24 source- and 24 target domain images, the
validation is done on the original-sized images. The training process implements a
stochastic gradient descent optimizer with momentum 0.9 and a weight decay of 10−4.
The initial learning rate of 0.007 is decayed with a factor 1− epoch

epochmax
after each epoch.

The parametrization differs slightly depending on the domain change. In the case of
the real to real domain change, the training is done for 180 epoch. In the case of
the synthetic to real domain change, the training is done in the source-only setups
for 45 epochs. The iterative adaptation steps are stopped early after 20 epochs. The
self-training threshold, which is now set to β = 1

16 (see Section 3.3.2). In the real to
real scenario, the empirical study showed that α = 0.9 promises the best results (α
is the centroid update factor). Therefore, α = 0.9 was kept for the synthetic to real
experiments.

3Implementation based on https://github.com/NVIDIA/semantic-segmentation/tree/sdcnet
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Figure 3.10: The image pairs show the results on the same target domain image before (left)
and after (right) adaptation. The adaptation process shows benefits in difficult
conditions (e.g., glare and on different road surfaces) and during the shift from
day to night. The top left image pair additionally shows the effect of the adap-
tation on the pixel-wise uncertainty. The adaptation reduced the uncertainty
on the target domain, providing a better foundation for inferring pseudo-labels.

3.5 Adaptation In the Real to Real Setting

The following sections present the experimental evaluation of the semantic clustering
approach for unsupervised domain adaptation explained in Section 3.3.1. The experi-
ments first analyze a real to real use case in the environment perception for automated
driving. The Cityscapes dataset represents the source domain, and the BDD repre-
sents the target domain. This scenario represents a domain change between countries
and camera setups. The second part of this section analyzes the adaptation between
three different OCT scanners for the medical domain. Data from two of them always
represent the source domain, and the remaining sensor represents the target domain.
This results in three different adaptation scenarios.

3.5.1 Driving Domain

Table 3.5 on page 78 shows the results when adapting from the real-world Cityscapes
dataset to the real-world Berkeley Deep Drive dataset (BDD). The challenge, in this
case, lies within the variety of weather conditions (rain, snow, sunny), lighting con-
ditions (normal sunlight, direct sunlight causing glaring, twilight, and night), camera
types, camera positions, and locations (rural, urban) of the BDD data. On the other
hand, the Cityscapes dataset only consists of images from urban parts of Germany
recorded under constant weather conditions with a constant camera setup. The do-
main difference can be observed in Figure 3.1 on page 29.
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Table 3.5: Cityscapes to BDD: Evaluation is done on the target domain BDD using the mIoU.
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source-only 88.56 49.25 70.57 10.24 22.61 37.86 41.96 42.75 73.29 36.52 89.59 58.36 34.32 84.28 24.27 26.35 0.01 46.51 41.65 46.26
memory bank 84.75 39.51 74.64 14.26 17.93 33.37 31.66 34.61 76.98 33.76 87.85 51.77 26.56 75.94 17.02 41.77 0.0 26.43 21.42 41.59

prototype 89.96 48.27 76.68 17.86 26.74 41.44 42.91 44.17 80.31 26.74 90.05 58.69 41.37 84.53 22.87 37.95 1.01 46.4 37.28 48.17
semantic α0.1 90.21 49.75 74.45 14.65 24.68 37.61 42.91 46.17 79.02 31.07 90.27 61.11 48.97 85.1 31.08 30.64 0.06 55.31 53.89 49.84

semantic α0.9918 90.97 52.21 78.48 17.87 30.34 42.7 45.07 44.04 82.6 37.79 90.81 56.93 36.39 81.55 30.54 47.12 0.1 38.79 32.4 49.3
semantic α0.9 90.85 51.44 77.04 14.89 25.98 38.63 43.63 46.19 81.14 36.72 90.65 61.34 48.27 84.63 31.39 49.29 0.6 57.31 49.83 51.54
self-training 92.13 55.33 78.28 18.45 34.53 42.44 45.64 46.1 81.68 40.69 91.13 61.54 47.13 87.13 37.1 43.73 0.01 51.46 44.38 52.58

1. semantic self-training 93.06 57.01 77.98 17.85 34.43 42.76 48.37 47.48 82.25 41.17 91.69 63.66 54.02 87.01 38.08 50.73 0.08 52.69 49.45 54.2
2. semantic self-training 92.37 56.54 78.12 15.02 33.26 41.95 48.06 48.53 81.64 40.69 91.72 64.25 52.58 87.48 37.76 56.65 1.79 55.99 55.11 54.71

Oracle 94.24 61.45 84.54 31.13 49.47 50.49 54.92 51.06 86.17 47.48 94.54 66.0 32.51 89.33 47.9 74.41 0.026 53.64 45.86 58.72

These deltas between the datasets cause the performance of a model trained on the
Cityscapes dataset to drop when evaluated on the validation set of the BDD dataset.
Table 3.5 shows that the mIoU value decreases from 58.72% when trained on both
datasets (row: "Oracle") to 46.26% when trained on the source domain only (row:
"source-only"). In terms of absolute mIoU values, this is a difference of 12.46%. For
example, Figure 3.10 shows that the source-only model has poor quality on twilight and
night images. Applying the semantic clustering (self-supervision) method presented in
Section 3.3.1 eliminates 43.06% of this gap, i. e., the method achieves an mIoU value
of 51.54% (row: "semantic α0.9"). These improvements are visible in Figure 3.10.
Based on these results, the method outperforms the source-only training for the deltas
introduced by glaring, twilight, and nighttime. The uncertainty maps (i. e., the entropy
of the class predictions per pixel) in Figure 3.10 show that the method reduces the
overall uncertainty as expected with clustering to the class centroids.

The improved results and the more interpretable uncertainty maps are, in turn,
a good state for generating high-quality pseudo-labels. The experiments, therefore,
include self-training on pseudo-labels generated according to the method explained
in Section 3.3.2. Table 3.5 shows that the mIoU on the target domain increases by
1.04% with simple self-training applied (row: "self-training"). Adding the semantic
clustering loss into the optimization process increases the improvement (row: "1. and
2. semantic self-training"). Expressed in absolute terms, the mIoU improves by 3.17%
in comparison to the training with semantic clustering; and by 2.13% in comparison
to the simple self-training. The combination of semantic clustering and self-training
closes 64.45% of the original gap of 12.46% mIoU between the source-only and the
Oracle model. The two methods (1. and 2. semantic self-training) achieve the best
results in 13 out of 19 classes and are even better than the combined training on the
source and target domain for the classes train, bicycle, rider, and motorbike.

Introducing the Uncertainty weights: The difference between the two versions
is the introduction of the uncertainty weights in the semantic clustering introduced
in Section 3.3.1.1. In the experiment "2. semantic self-training", the clustering is
normalized by the uncertainty weights. In the version "1. semantic self-training", the
normalization is not applied. The normalization yields a gain of 0.51% in terms of
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Figure 3.11: The image pairs show qualitative results for the domain shift from the Cirrus +
Spectralis source domain to the Topcon target domain. The left image of each
pair shows the results of the source-only training, and the right image shows the
results of the domain adaptation. The class depicted in purple is the IRF, the
blue is the PED, and the yellow is the SRF.

mIoU. This indicates that introducing uncertainty weights can mitigate the influence
of cases where the pre-logit target domain representations are clustered to the wrong
centroids.

Finetuning the centroid updates: The parameter α, introduced in Section 3.3,
controls the update of the centroids representing the classes. As a value between
0 and 1, it weights the old state of the centroids while 1 − α weights the update.
Different values for α were tested, as shown in Table 3.5. The empirical study shows
that α = 0.9 promises the best results. The assumption is that a low value like
0.1 causes the centroids to adapt strongly to the updates. This strong influence of
the local updates introduces noise into the clustering process, making it hard for the
optimization process to converge. If α, on the other hand, is chosen too high (e. g.,
α = 0.9918), then the centroids do not represent the current state of the network, in
which case the data is clustered to the wrong centroids. Hence, a value of α = 0.9
seems to be a good trade-off as it yields the best results in Table 3.5 compared to the
other parameterizations (α = 0.1 or α = 0.9918).

3.5.2 Medical Domain

This section presents the application of the semantic clustering introduced in Sec-
tion 3.3.1 to an application in the medical domain (published by Niemeijer et al. [168]).
The RETOUCH challenge training dataset was used for these medical image process-
ing experiments. More specifically, the segmentation dataset for the disease-related
classes: subretinal fluid (SRF), intraretinal fluid (IRF), and pigment epithelial detach-
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Table 3.6: Jaccard (J) and Dice (D) on the target domain for the adaptation from the Cir-
rus + Spectralis domain to the Topcon domain. For comparison, results of the
RETOUCH challenge (mean and winning approach) are given. Note that chal-
lenge participants used all domains for training. The best and the second-best
approaches are highlighted (bold and italic).

Approach IR
F

(J
)

IR
F

(D
)

SR
F

(J
)

SR
F

(D
)

PE
D

(J
)

PE
D

(D
)

M
ea

n
(J

)

M
ea

n
(D

)

source-only 51.3% 67.8% 65.1% 78.9% 62.5% 76.9% 59.6% 74.5%
semantic-clustering 53% 69.3% 70.5% 82.7% 70.5% 82.7% 64.6% 78.2%
improvement 1.7% 1.5% 5.4% 3.8% 8% 5.8% 3.8% 3.7%
challenge mean 43.9% 61% 60% 75% 49.3% 66% 51.1% 67%
challenge winner 56.3% 72% 68.1% 81% 61.3% 76% 61.7% 76.3%

ment (PED). This dataset contains annotated subsets of image data acquired by three
different sensors: Cirrus, Spectralis, and Topcon (see Figure 3.1 page 29). The Cirrus
and Spectralis subsets contain scans of 24 patients, and the Topcon subset 22. No
patient is present in more than one sensor dataset. Each scan is subdivided into mul-
tiple 2D B-Scans. The number of B-scans depends on the sensor: Cirrus / Topcon 128
B-scans, Spectralis 49 B-scans. The available data is split according to their sensor
domains to test the domain adaptation approach. In each split, two sensors com-
prised the source domain. The remaining sensor represented the target domain. This
partitioning leaves us with the three setups, of which the results are presented in Ta-
ble 3.6 (source domain: Cirrus/Spectralis, target domain: Topcon), Table 3.7 (source
domain: Cirrus/Topcon, target domain: Spectralis) and Table 3.8 (source domain:
Spectralis/Topcon, target domain: Cirrus).

Results for Adapting between the OCT domain gaps: The three tables
present the results of the semantic clustering (see Section 3.3.1) for unsupervised do-
main adaptation between the OCT sensor deltas and the source-only training, i.e., the
training only on the respective source domain. The segmentation quality is reported
with the Dice and the Jaccard score (Jaccard is equivalent to IoU). Both of these
quality metrics for the segmentation are introduced in Section 2.4.2. The RETOUCH
challenge [7] evaluated the mean performance of the approaches on different domains
as well. Therefore, the tables also report the result of the best method in the challenge
("challenge winner") and the mean of the methods in the challenge ("challenge mean").
However, one must consider that these approaches were trained on the whole training
dataset, containing examples of all domains, and tested on a different test set than the
approaches presented in this chapter. Although the results are not directly compara-
ble, even the source-only training on only the respective source domains in the OCT
adaptation scenarios achieves higher Dice and Jaccard scores in almost all classes in
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Table 3.7: Jaccard (J) and Dice (D) on the target domain for the adaptation from the Top-
con + Cirrus domain to the Spectralis domain. For comparison, results of the
RETOUCH challenge (mean and winning approach) are given. Note that chal-
lenge participants used all domains for training. The best and the second-best
approaches are highlighted (bold and italic).

Approach IR
F

(J
)

IR
F

(D
)

SR
F

(J
)
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F
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)
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D
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)
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D
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)

M
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n
(J

)

M
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n
(D

)

source-only 40.2% 57.4% 83% 90.7% 65% 78.8% 62.7% 75.6%
semantic-clustering 49.9% 66.6% 84.5% 91.6% 67.4% 80.5% 67.3% 79.5%
improvement 9.7% 9.2% 1.5% 0.9% 2.4% 1.7% 4.6% 3.9%
challenge mean 52.7% 69% 39.9% 57% 51.5% 68% 48% 65%
challenge winner 77% 87% 57.5% 73% 61.3% 76% 64.7% 78.6%

Table 3.8: Jaccard (J) and Dice (D) on the target domain for the adaptation from the Top-
con + Spectralis domain to the Cirrus domain. The RETOUCH challenge results
(mean and winning approach) are given for comparison. Note that challenge par-
ticipants used all domains for training. The best and the second-best approaches
are highlighted (bold and italic).

Approach IR
F

(J
)
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F
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)
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)

M
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)

source-only 59.6% 74.7% 71.1% 83.1% 72.3% 83.9% 67.6% 80.6%
semantic-clustering 61.9% 76.5% 76.2% 86.5% 75.8% 86.2% 71.3% 83.1%
improvement 2.3% 1.8% 5.1% 3.4% 3.5% 2.3% 3.7% 2.5%
challenge mean 57.5% 73% 46% 63% 58.7% 74% 54.1% 70%
challenge winner 74% 85% 56.3% 72% 69% 82% 66.1% 79.6%

all settings compared to the challenge mean and is only slightly worse than the win-
ner. This comparison is especially interesting since the source-only model, unlike the
challenge participants, was not trained on data from the sensor type the evaluations
were performed on. This at least indicates that the network architecture and training
strategy employed are superior to the approaches presented in the RETOUCH chal-
lenge (approaches from 2019). The segmentation is worse only for one class (the IRF)
in only one configuration. Topcon+Cirrus comprise the source in this configuration,
and Spectralis the target domain.

Apart from improving architecture and training strategy, this work aimed to adapt
unsupervised learning to new sensor domains. Table 3.6, 3.7, and 3.8 show that the
semantic clustering algorithm improves the performance of the source-only training in
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all domain changes in all classes. Figure 3.11 on page 79 shows qualitative examples
of the improvement achieved by the domain adaptation approach. This improvement
is especially strong in the domain change from Topcon and Cirrus to Spectralis. The
results for IRF, e.g., are 9.7% in terms of Jaccard and 9.2% in terms of Dice better.
The adapted model outperforms even the challenge winner in almost all classes, even
though no manually annotated data of the evaluation OCT sensor was used during
training. Only the IRF class is better for the challenge winner. This is likely due to
the low performance of the source-only training, even though the adaptation method’s
improvements are strong.

These results show the effectiveness of the semantic clustering for unsupervised do-
main adaptation, even in the medical domain, which proves the approach’s versatile
applicability. In some scenarios, the adaptation that does not require any manual
annotations even outperformed approaches that were trained on target domain data.
Therefore, the semantic clustering in this scenario is an interesting alternative to the
costly manual annotation by medical professionals.

3.6 Adaptation from Synthetic to Real Data

This section evaluates the EasyAdap approach (see Section 3.3.5) regarding its do-
main adaptation and domain generalization quality. To that, an evaluation of its
performance on the domain shift from synthetic to real-world data via adaptations
from GTA5 [188] and Synthia [191] to Cityscapes [36] is performed, respectively.
The synthetic to real domain shift is especially interesting since synthetic data usually
provides labels automatically. Given the supervised training on the synthetic domain
and the unsupervised domain adaptation to the real world, the whole training pro-
cess is free of manual annotation. Furthermore, the section explores the generalization
capabilities to real-world data that EasyAdap introduces.

3.6.1 Synthetic to Real Domain Change

The most common benchmark used to compare approaches in the synthetic to real
domain shift is the adaptation from the GTA5 or Synthia dataset to the real-world
Cityscapes dataset.

The GTA5 [188] dataset comprises frames extracted from the Grand Theft Auto V
game and provides semantic segmentation annotations. This game mainly represents
a virtual environment set in California. The game was sampled by taking every 40th
frame while simultaneously introducing various lighting and weather conditions. The
aim was to create a diverse synthetic distribution. The Synthia [191] dataset was
created similarly to provide a synthetic training dataset for semantic segmentation. It
includes different textures and lighting conditions, as well. Additionally, it contains a
larger variety of different viewing angles. It is, however, based on the Unity platform.
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Table 3.9: GTA5 to Cityscapes: Evaluation is done on Cityscapes using the mIoU.
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source-only DLv2 75.8 16.8 77.2 12.5 21.0 25.5 30.1 20.1 81.3 24.6 70.3 53.8 26.4 49.9 17.2 25.9 6.5 25.3 36.0 36.6
AdapSeg [233] 86.5 25.9 79.8 22.1 20.0 23.6 33.1 21.8 81.8 25.9 75.9 57.3 26.2 76.3 29.8 32.1 7.2 29.5 32.5 41.4
CyCADA [74] 86.7 35.6 80.1 19.8 17.5 38.0 39.9 41.5 82.7 27.9 73.6 64.9 19.0 65.0 12.0 28.6 4.5 31.1 42.0 42.7
CLAN [143] 87.0 27.1 79.6 27.3 23.3 28.3 35.5 24.2 83.6 27.4 74.2 58.6 28.0 76.2 33.1 36.7 6.7 31.9 31.4 43.2

APODA [264] 85.6 32.8 79.0 29.5 25.5 26.8 34.6 19.9 83.7 40.6 77.9 59.2 28.3 84.6 34.6 49.2 8.0 32.6 39.6 45.9
PatchAlign [234] 92.3 51.9 82.1 29.252 25.1 24.5 33.8 33.0 82.4 32.8 82.2 58.6 27.2 84.3 33.4 46.3 2.2 29.5 32.3 46.5
ADVENT [238] 89.4 33.1 81.0 26.6 26.8 27.2 33.5 24.7 83.9 36.7 78.8 58.7 30.5 84.8 38.5 44.5 1.7 31.6 32.4 45.5

sem. self-train. [165] 82.5 43.9 76.4 31.7 24.7 45.2 45.6 22.5 87.1 30.9 82.6 71.0 41.8 86.5 28.0 27.8 0.01 25.5 27.3 46.4
BDL [123] 91.0 44.7 84.2 34.6 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 35.3 49.7 3.3 28.8 35.6 48.5

CBST [128] 91.8 53.5 80.5 32.7 21.0 34.0 28.9 20.4 83.9 34.2 80.9 53.1 24.0 82.7 30.3 35.9 16.0 25.9 42.8 45.9
MRKLD [305] 91.0 55.4 80.0 33.7 21.4 37.3 32.9 24.5 85.0 34.1 80.8 57.7 24.6 84.1 27.8 30.1 26.9 26.0 42.3 47.1
FADA [242] 91.0 50.6 86.0 43.4 29.8 36.8 43.4 25.0 86.8 38.3 87.4 64.0 38.0 85.2 31.6 46.1 6.5 25.4 37.1 50.1
CAG [278] 90.4 51.6 83.8 34.2 27.8 38.4 25.3 48.4 85.4 38.2 78.1 58.6 34.6 84.7 21.9 42.7 41.1 29.3 37.2 50.2

Seg-Uncertainty [291] 90.4 31.2 85.1 36.9 25.6 37.5 48.8 48.5 85.3 34.8 81.1 64.4 36.8 86.3 34.9 52.2 1.7 29.0 44.6 50.3
CLST [150] 92.8 53.5 86.1 39.1 28.1 28.9 43.6 39.4 84.6 35.7 88.1 63.9 38.3 86.0 41.6 50.6 0.1 30.4 51.7 51.6

SAC [3] 90.4 53.9 86.6 42.4 27.3 45.1 48.5 42.7 87.4 40.1 86.1 67.5 29.7 88.5 49.1 54.6 9.8 26.6 45.3 53.8
Coarse2Fine [147] 92.5 58.3 86.5 27.4 28.8 38.1 46.7 42.5 85.4 38.4 91.8 66.4 37.0 87.8 40.7 52.4 44.6 41.7 59.0 56.1

ProDA [283] 87.8 56.0 79.7 46.3 44.8 45.6 53.5 53.5 88.6 45.2 82.1 70.7 39.2 88.8 45.5 59.4 1.0 48.9 56.4 57.5
source-only 46.44 10.75 62.2 1.21 16.75 22.16 18.93 4.65 72.76 3.73 63.95 50.91 7.44 68.55 26.1 4.18 0 3.75 1.66 25.58

source-only aug 58.39 25.44 68.01 25.55 26.77 40.25 44.62 19.32 84.37 30.78 56.56 69.17 36.64 74.29 24.13 10.86 0.9 29.34 21.07 38.8
source-only uni 50% 57.87 32.03 58.53 23.62 25.06 42.38 45.17 28.22 83.36 26.02 81.01 70.16 40.24 80.07 20.05 15.95 1.02 32.47 23.32 41.4
source-only uni 100% 76.03 34.02 75.52 29.25 29.72 46.55 45.91 27.96 82.52 21.47 78.8 69.51 34.58 86.14 25.98 24.64 0 32.56 23.95 44.5

Self-Train 63.4 40.99 60.85 41 37.21 45.28 51.06 38.45 87.34 33.52 79.02 70.38 35.67 90.63 42.02 47.93 13.77 37.92 18.03 49.18
Easy Adap [166] 87.84 56.1 80.68 37.21 40.12 49.39 55.04 47.18 86.87 39.54 85.35 69.93 42.13 90.65 52.12 61.45 0 42.13 46.39 56.32

Oracle 98.01 84.41 92.07 49.66 59.69 64.43 68.76 78.22 92.36 63.49 94.3 82.17 62.3 94.82 80.36 85.76 79.74 65.99 76.93 77.55

The Cityscapes dataset [36] represents a subset of the relevant real-world data. It
is recorded under constant conditions in German cities. Therefore, this work addi-
tionally investigates the generalization of the adapted models to the BDD [273] and
ACDC [197] datasets in Section 3.6.2.2. The former contains images crowd-sourced
from dash cams and multiple weather and environmental conditions in the USA. The
latter (ACDC) dataset was specifically designed to enhance the robustness of semantic
segmentation models for driving scenes under adverse weather conditions, such as fog,
nighttime, rain, and snow. It was recorded using a constant sensor setup in Zurich,
Switzerland.

3.6.2 EasyAdap: Synthetic to Real Results

The following sections analyze EasyAdap’s performance on the synthetic to real do-
main change. First, it is compared to the existing state-of-the-art in terms of its UDA
performance. Following up, the resulting domain generalization features are compared,
which represents an important feature of UDA methods that is often overlooked. Fi-
nally, an ablation study provides insights into the interaction of EasyAdap’s building
blocks.

3.6.2.1 Comparison to Existing Approaches

GTA5 to Cityscapes: EasyAdap achieves near state-of-the-art performance in terms
of mIoU on the GTA5 to Cityscapes domain change: EasyAdap achieves 56.32% mIoU,
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Table 3.10: Synthia to Cityscapes: Evaluation is done on Cityscapes using the mIoU.
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source-only DLv2 64.3 21.3 73.1 2.4 1.1 31.4 7.0 27.7 63.1 67.6 42.2 19.9 73.1 15.3 10.5 38.9 34.9 40.3
AdapSeg [233] 79.2 37.2 78.8 - - - 9.9 10.5 78.2 80.5 53.5 19.6 67.0 29.5 21.6 31.3 - 45.9

PatchAlign [234] 82.4 38.0 78.6 8.7 0.6 26.0 3.9 11.1 75.5 84.6 53.5 21.6 71.4 32.6 19.3 31.7 40.0 46.5
CLAN [143] 81.3 37.0 80.1 - - - 16.1 13.7 78.2 81.5 53.4 21.2 73.0 32.9 22.6 30.7 - 47.8

APODA [264] 86.4 41.3 79.3 - - - 22.6 17.3 80.3 81.6 56.9 21.0 84.1 49.1 24.6 45.7 - 53.1
ADVENT [238] 85.6 42.2 79.7 8.7 0.4 25.9 5.4 8.1 80.4 84.1 57.9 23.8 73.3 36.4 14.2 33.0 41.2 48.0

BDL [123] 86.0 46.7 80.3 - - - 14.1 11.6 79.2 81.3 54.1 27.9 73.7 42.2 25.7 45.3 - 51.4
FADA [242] 84.5 40.1 83.1 4.8 0.0 34.3 20.1 27.2 84.8 84.0 53.5 22.6 85.4 43.7 26.8 27.8 45.2 52.5
CBST [245] 68.0 29.9 76.3 10.8 1.4 33.9 22.8 29.5 77.6 78.3 60.6 28.3 81.6 23.5 18.8 39.8 42.6 48.9

MRKLD [305] 67.7 32.2 73.9 10.7 1.6 37.4 22.2 31.2 80.8 80.5 60.8 29.1 82.8 25.0 19.4 45.3 43.8 50.1
CAG UDA [278] 84.7 40.8 81.7 7.8 0.0 35.1 13.3 22.7 84.5 77.6 64.2 27.8 80.9 19.7 22.7 48.3 44.5 51.5

Seg-Uncertainty [291] 87.6 41.9 83.1 14.7 1.7 36.2 31.3 19.9 81.6 80.6 63.0 21.8 86.2 40.7 23.6 53.1 47.9 54.9
Coarse2Fine [147] 75.7 30.0 81.9 11.5 2.5 35.3 18.0 32.7 86.2 90.1 65.1 33.2 83.3 36.5 35.3 54.3 48.2 55.5

CLST [150] 88.0 49.2 82.2 16.3 0.4 29.2 31.8 23.9 84.1 88.0 59.1 27.2 85.5 46.6 28.9 56.5 49.8 57.8
SAC [147] 89.3 47.2 85.5 26.5 1.3 43.0 45.5 32.0 87.1 89.3 63.6 25.4 86.9 35.6 30.4 53.0 52.6 59.3

ProDA [283] 87.8 45.7 84.6 37.1 0.6 44.0 54.6 37.0 88.1 84.4 74.2 24.3 88.2 51.1 40.5 45.6 55.5 62.0
source-only 8.6 11.58 32.01 1.45 0 30.25 18.55 9.1 74.57 68.74 56.63 8.16 66.98 12.05 3.41 9.69 26.31 29.24

source-only aug 55.14 30.54 69.12 4.69 0 40.35 25.78 23.55 80.15 76.93 61.92 21.59 40.78 18.6 17.05 27.6 37.13 42.21
source-only uni 50% 64.39 28.34 72.2 3.35 1.19 40.69 27.51 20.18 79.93 59.2 64.77 24.07 79.04 24.1 17.76 20.48 39.2 43.22
source-only uni 100% 79.0 33.18 68.75 3.16 0.38 42.07 25.79 26.05 78.67 76.76 61.28 24.76 80.72 26.64 18.73 28.94 42.18 48.41

Easy Adap [166] 84.48 46.12 74.69 0.16 0.04 47.14 49.77 31.94 77.84 85.11 73.33 36.14 86.96 46.06 28.89 23.01 49.48 57.25
Oracle 98.01 84.41 92.07 49.66 59.69 64.43 68.76 78.22 92.36 94.3 82.17 62.3 94.82 85.76 65.99 76.93 78.12 92.77

which is comparable to the currently best approach, ProDA, with 57.5% mIoU. Simi-
lar to ProDA, the improvement over other approaches is gained from classes like traf-
fic light, traffic sign, fence, rider, and motorbike, which are difficult to learn. The
EasyAdap method outperforms approaches that have similarities to the presented
method on this domain change. In particular, this includes CLST and CAG with
50.2% and 51.6% mIoU, respectively. Except for ProDA, the same holds for all hybrid
methods. ProDA, however, is hard to tune due to its complex architecture (four struc-
turally different training stages) and hyperparameter tuning. Advancing the method
from [165] into an iterative domain adaptation process improves the results from 46.4%
mIoU to 56.32% due to synergistic effects between the semantic clustering and self-
training.

Synthia to CS: Table 3.10 shows the performance of unsupervised domain adap-
tation methods from Synthia to the Cityscapes dataset. Without changing any hyper-
parameters tuned for the GTA5 to Cityscapes domain change, the approach still
performs well, ranking behind ProDA, SAC, and CLST, all of which are also well-
performing in the adaptation from GTA5 to the Cityscapes dataset.

3.6.2.2 Domain Generalization

This section evaluates the domain generalization capabilities of EasyAdap and com-
pares them with those of several other UDA approaches. To that, Table 3.11 shows
the performance of several models on the datasets Cityscapes, BDD [273], and four
different domains of the dataset ACDC [197]. No model has seen samples of BDD
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Table 3.11: Domain generalization: Methods trained on GTA5 (source-only) and methods
adapted from GTA5 to Cityscapes tested on different real-world domains.

Model Cityscapes BDD rain fog snow night

source-only DLv2 [233] 36.6 36.5 33.6 40.2 33.4 8.6
source-only DLv2 [3] 40.8 35.1 32.9 31.3 28.7 7.1
source-only DLv3+ 25.58 28.45 28.37 24.69 23.39 3.7
source-only aug DLv3+ 38.9 31.3 32.02 29.04 27.6 5.75
source-only uni 100% DLv3+ 44.06 36.77 33.27 35.75 28.28 7.63
AdapSeg [233] 42.4 37.4 30.8 35.4 27.9 7.4
Seg-Uncertainty [291] 50.3 35.7 35.9 41.4 37.4 14.0
SAC [3] 53.8 41.55 39.6 44.7 34.9 15.6
ProDA [283] 57.5 47.5 43.1 49.2 40.7 15.4
EasyAdap [166] 56.6 46.69 43.02 48.56 38.87 14.38
Oracle (Cityscapes model) 77.55 46.26 45.58 61.22 47.65 17.87

or ACDC during the training. Furthermore, the source-only models did not see the
Cityscapes samples during training.

BDD differs from the target domain of the adaptation (Cityscapes) by containing
a diverse set of weather and lighting conditions and by being recorded across the
USA instead of Germany. ACDC, which was recorded in Europe, defines the specific
partitions rain, fog, snow, and night. Hence, regarding the models trained on GTA5
(and Cityscapes without ground truth), these datasets include domain shifts regarding
the environment, weather, and sensors.

The improvements of the source-only models due to data augmentation and addi-
tional class-uniform sampling also transfer to the unseen domains of BDD and ACDC.
Considering the DeepLabV2 [3, 233] and DeepLabV3+ source-only models, there is no
clear superior model. Note that the "Oracle" model (trained on the Cityscapes dataset)
yields similar results on BDD as the adaptation approaches ProDA and EasyAdap from
GTA5 to Cityscapes. Apart from that, the "Oracle" model always outperforms the do-
main adaptation approaches significantly. While ProDA leads the board of domain
adaptation approaches, EasyAdap achieves very close results. Furthermore, EasyAdap
outperforms the other domain adaptation approaches (see Table 3.11). Section 3.6.3
discusses these results in the context of transferring knowledge from the synthetic to
the real-world data and the generalization the adaptation introduces.

3.6.2.3 Source-Only Training

The quality of the source-only training is crucial for the later creation of the first
pseudo-labels. To study the design decision of the source-only training, Table 3.9 and
Table 3.10 (page 83 and 84 ) show the performance of different source-only models:
trained without any augmentation (source-only); trained with color jitter, Gaussian
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Figure 3.12: Left: Best mIoU per adaptation step; self-training (a); self-training+uniform
sampling on target domain (b); self-training+uniform sampling+semantic clus-
tering (c); uniform sampling+semantic clustering (d); uniform sampling source
only (e). Right: Qualitative examples.

blurring, and random scaling (source-only aug); and trained with augmentation and
class-uniform sampling (source-only uni 50% and source-only uni 100%). On both
datasets, GTA5 and Synthia, the augmentation improves the plain source-only model’s
quality by over 10% mIoU. An additional class-uniform sampling improves the model’s
quality further by over 5% mIoU. Sampling the complete batch via class-uniform sam-
pling (source-only uni 100%) outperforms a mixed batch of random and class-uniformly
sampled images (source-only uni 50%). Section 3.6.3 discusses why uniform sampling
introduces this generalization.

3.6.2.4 Impact of the Adaptation Features

This work conducted several experiments to study the impact of EasyAdap’s features
on the model’s quality. Figure 3.12 shows the best mIoU values on the validation
set per adaptation step, which consists of 20 training epochs. This work successively
enabled self-training, class-uniform sampling and the semantic clustering on the target
domain (see Section 3.3.1 and 3.3.2). Figure 3.12 shows that self-training yields sim-
ilar improvements as a combination of self-training with an additional class-uniform
sampling on the target domain. Additionally, introducing semantic clustering to the
training process shows a steeper learning curve in the first few adaptation steps and
yields a more durable learning behavior. For example, the two self-training learn-
ing processes without semantic clustering stagnate after four adaptation steps, but
the model trained with additional semantic clustering still increases in quality. Sec-
tion 3.6.3 discusses this synergistic effect and provides a possible explanation for it.
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3.6.3 Discussion of EasyAdap’s Features

Does domain adaptation transfer knowledge? Table 3.11 shows that the target model
trained on Cityscapes ("Oracle" model) achieves similar performance on BDD as the
ProDA and EasyAdap models adapted to the Cityscapes dataset. While the Cityscapes
model has to overcome the domain change from sunny to rainy weather included in
BDD, the adaptation methods need to overcome the domain change from synthetic
to real-world. The Cityscapes model also achieves a similar performance on ACDC’s
rain domain to that of the ProDA and EasyAdap models. In this case, the target
domain consists of rainy images only, which challenges the Cityscapes model even
more, while the adapted models from GTA5 seem to play out their advantage of having
seen synthetic rainy images during their training. On the other hand, the Cityscapes
model outperforms the adapted models on the foggy and snowy domains, which are
unseen for all adapted models. A possible interpretation is that the additional domain
gap from the synthetic to the real world for the adapted models is the reason for the
performance drop of the adapted models compared to the Cityscapes model. Hence,
the adapted models show the behavior of knowledge transfer (here, rainy images)
from synthetic to real-world domains. This observation supports approaches adapting
from synthetic to real-world domains. Moreover, it supports the demand for richer
synthetic datasets regarding different domains, such as sensor, weather, lighting, and
environmental domains.

How to support domain generalization through adaptation? Since domain adaptation
to every possible encountered domain is infeasible in real-life applications, this work
explicitly addresses and studies domain generalization effects of unsupervised domain
adaptation methods, including the EasyAdap method introduced in this chapter. Sec-
tion 3.6.2.2 and Table 3.11 (page 85) show stronger generalization effects for some
of the adaptation methods. In particular, SAC, ProDA, and EasyAdap show signifi-
cant improvements in the unseen domains of BDD and ACDC. These methods apply
self-training while AdapSeg does not, and Seg-Uncertainty only applies self-training
without improving the pseudo-labels through recreation. These observations open the
question of whether self-training, which mimics supervised training in both domains,
yields these strong generalization effects.

What are the reasons for synergistic effects? The experiments in Section 3.6.2.4
and Figure 3.12 show a synergistic effect since enabling self-training and semantic
clustering gains 15% mIoU while enabling only one of the mechanisms gains only 8%
and 4%, respectively. Hence, simultaneously enabling both mechanisms gains another
3% atop each single mechanism. This supports the interpretation that there is a
synergy between self-training and semantic clustering, i.e., they support each other.
On the one hand, self-training aims to mimic a supervised training on the source and
target domain, which helps the training process to generalize upon both domains.
This generalization effect yields a better alignment of the feature distribution in both
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domains, which in turn helps the semantic clustering to attract the target-domain
features to the correct source-domain class centroids. On the other hand, the semantic
clustering reduces the number of correct but ignored pseudo-labels by sharpening the
feature space and therefore reducing the uncertainty of correctly classified pixels.

How does the sampling strategy affect generalization? Sections 3.6.2.2 and 3.6.2.3
show that the source-only models generalize well to unseen real-world data. Combin-
ing a strong data augmentation with a class-uniform sampling improves the domain
generalization by avoiding overfitting. On the one hand, rare classes gain weight in
the training by oversampling, but the strong augmentation avoids overfitting. On the
other hand, large-area classes such as vegetation and terrain lose weight compared to
rare classes, which again avoids overfitting the training data.

3.7 Conclusion and Outlook

Structural changes between the training distribution of a neural network and the distri-
bution during the application to a target domain are a common scenario in real-world
applications. Common examples are e.g. the adaptation between different environ-
ments (countries, weather, lighting, ... ) in autonomous driving or the adaptation
between different sensors in medical image processing. This introduces the need to
adapt the neural network from the source to the target domain. Unsupervised domain
adaptation is especially attractive since it closes the delta between the domains with-
out human intervention. Given its unsupervised training, UDA provides an approach
for bringing down the cost of annotation (c.f. challenge 1 from Chapter 1).

The resulting interest in this field of research is evident from Figure 2.7 on page
24, showing a large number of published papers. This chapter provides a comprehen-
sive survey of the UDA approaches, which covers significantly more approaches than
previous survey papers (by a factor of three). The presented work resulted in a pub-
licly accessible website, which includes a leaderboard for the important synthetic to real
use-case (https://uda-survey.github.io/survey/leaderboard). Thus, this survey
helps to break the complexity that is introduced by a large amount of research. The
chapter introduces a categorization into input, feature, and output space adaptation
approaches and identifies sub-clusters inside these categories. It further points out the
recent trend to use methods that apply multiple of these approaches (hybrid methods)
and critically reflects the complexity that is therefore introduced. This complexity hin-
ders the application to real-world scenarios in which the finetuning of hyperparameters
is difficult.

Apart from presenting a survey, this chapter introduces novel methods for UDA.
A clustering approach is introduced to align the feature space distributions between
the source and target domain. The aim is to cluster the target domain feature space
representations to their corresponding class-based source domain centroids. These
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class-based source domain centroids represent the average representation of a class in
the source domain. The effectiveness of this method is demonstrated in medical image
processing by adapting between different OCT sensors and in autonomous driving by
adapting between different camera types and environments. For the application in the
environment perception of autonomous cars, this work additionally presents the appli-
cation from synthetic to real-world data. In this scenario, the feature space clustering
is combined with self-training, introducing a synergistic effect. This synergistic effect
allows for the low complexity in the architecture results that are very close to the
state of the art in the competitive synthetic to real-world domain change. Extensive
research has been conducted on adapting synthetic data to real-world scenarios. This
interest stems from the fact that synthetic data eliminates the need for manual label-
ing, significantly reducing human effort. Synthetic data however has got the problem
of a large domain gap to the real world, which usually introduces the need for complex
approaches, as the survey shows. The EasyAdap approach, therefore, is especially
relevant.

Finally, the chapter investigates, how knowledge from the synthetic domain can be
transferred to the real-world during the adaptation process and how UDA can intro-
duces domain generalization this way. Therefore the next logical step is the targeted
generation of synthetic data, which is studied in the next chapter. By understanding
and optimizing the generation of synthetic data to facilitate adaptation, this thesis
moves closer to models that generalize well to many domains and distributions (see
Chapter 5.).
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Chapter 4

Optimizing Synthetic Datasets by
Targeted Image Generation

This chapter is partially derived from my previously published works, specifically "Syn-
thetic Dataset Acquisition for a Specific Target Domain"[169], and "TSynD: Targeted
Synthetic Data Generation for Enhanced Medical Image Classification" [170]. Some
text, figures, and findings have been re-utilized or adapted from these publications.
Co-Authors of these Publications are Jan Ehrhardt, Hristina Uzunova, Sudhanshu
Mittal, Thomas Brox and Heinz Handels.

4.1 Introduction and Motivation

Chapter 2 described the intelligent creation of real-world datasets. However, even
when the AL circle from Chapter 2 is followed, there are two major drawbacks to
creating real-world datasets. Even though real-world images are generally easy to
collect, it is hard to collect relevant images or sensor data (c.f. problem 2 in the
introduction). Of course, this is the prerequisite for AL since the acquisition function
can only choose relevant data from the unlabeled pool if this pool contains such data.
The work that is presented in Chapter 2 shows that data obtained from measurement
campaigns is redundant. Relevant data is hence very sparse, introducing the need
for large measurement campaigns to capture such data. Given an unlabeled pool
containing relevant data and the correct dataset selection was performed, labeling
remains a problem (c.f. problem 1 in the introduction).

Synthetic data can resolve both of these issues. Labeling does not need human in-
tervention since one has almost perfect information about the rendered scene. The
labeling time or cost is hence negligible. What is more, one has almost perfect control
over the generated scene. That means it is theoretically possible to create relevant
data by choosing the simulation parameters correctly. As autonomous vehicle datasets
become larger, it becomes more difficult to encounter relevant novel data. However,
self-driving cars must be robust against rare critical scenarios to be used in the real
world. Synthetic data provides a solution by simulating such scenarios. In medical
image processing, datasets are smaller. The image acquisition process is not as con-
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trollable as in the case of autonomous vehicles since it is often produced as a byproduct
of clinical practice and hindered by data privacy regulations. This lack of controlla-
bility makes deliberate measurement campaigns difficult. Simulated data for medical
images can also represent edge cases that have not been recorded yet.

Synthetic data, however, brings its own challenges. First, given the current simula-
tion engines, the sensor data produced still has a large appearance gap from real-world
images. Second, even though a large degree of control over the scene generation is
given, choosing the simulation parameters to produce relevant data remains a prob-
lem. Third, the simulation’s diversity still depends very much on the human modeling
of the scene.

This chapter offers solutions to these challenges. The first part of this chapter is
based on "Synthetic Dataset Acquisition for a Specific Target Domain" by Niemeijer
et al. [169] and shows how to generate/select relevant data from the synthetic world
of a simulation engine. The domain of application in this work is autonomous driv-
ing. In this context the chapter includes the work "Generalization by Adaptation:
Diffusion-Based Domain Extension for Domain-Generalized Semantic Segmentation"
by Niemeijer et al. [171], which shows how to bridge the domain gap between the
synthetic data from such simulation engines and the real world using generative mod-
els and offers methods to extend the distribution, effectively mitigating the need for
human modeling of 3D worlds. The second part of this chapter is based on the paper
"TSynD: Targeted Synthetic Data Generation for Enhanced Medical Image Classifi-
cation" by Niemeijer et al. [170] and extends the idea of synthetic data generation
through generative models to the domain of medical image processing. In this work,
the focus is on guiding the generation process towards generating high epistemic un-
certainty data. Hence, the chapter contributes solutions for creating relevant synthetic
data while reducing the need to manually model the given synthetic environment.

4.2 Intelligent Generation and Selection

Synthetic data represents a promising building block for training perception systems.
Simulation is a crucial alternative for automatically creating labeled data, especially
for tasks like semantic segmentation, which require about 90 minutes per frame to
annotate [36]. Hence, the creation of simulation engines has been the focus of the
computer vision community. However, the number of possible scenarios and configu-
rations such simulators can produce is still uncountably large. Due to the constraints
in storage space and training hardware, intelligent sampling from the simulation is
crucial. Generating all necessary cases would require more memory than is typically
available, and even if sufficient memory were available, training on such a dataset
would be infeasible. This infeasibility is due to the slow convergence of the training
caused by the redundancy in the generated dataset, i.e., important data points occur
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Figure 4.1: A system for creating a synthetic dataset. The simulation creates images while
constantly introducing large variations. The images are written into a buffer. The
acquisition function selects the synthetic images relevant to the real-world target
domain. As a result, a smaller subset of relevant synthetic images is obtained.

rarely during training. Some parts of synthetic data could even introduce a bias that
negatively affects real-world performance.

This chapter introduces the research direction of creating intelligent acquisition func-
tions for synthetic data. Such acquisition functions are challenging to construct. Other
than in active learning, the domain from which these functions sample is unequal to
that to which the trained model is applied. Therefore, the objective is to find synthetic
data to train a model that performs well on real data. Performing the selection process
based only on the synthetic data is thus insufficient, yet most synthetic datasets in the
literature were created this way. For example, the Synthia [191] and the GTA5 [188]
dataset both selected synthetic images either randomly or uniformly while only inte-
grating knowledge about certain types of relevant scenes (day, night, weather, . . . ).
However, they did not explicitly optimize their acquisition for selecting synthetic data
that best represents the given real-world data and did not explicitly optimize for se-
lecting correspondences for difficult scenes in the real world.

This work addresses the limitations of such existing acquisitions. The objective is
to score the value of a simulated frame by estimating its usefulness in training per-
ception models to perform well in the real-world target domain. More specifically, the
focus is on the challenging setting of adapting from the created synthetic dataset to
the real-world use case via unsupervised domain adaptation. Integration of unsuper-
vised domain adaptation aims to leverage the capabilities of adaptation techniques and
minimize the need for simulation of aspects that can be effectively covered by domain
adaptation. The performance of the acquisition function is hence defined by how well it
facilitates the adaption. This work seeks to develop an intelligent acquisition strategy
that selects synthetic data points based on their potential to enhance adaptation.

93



Chapter 4 Optimizing Synthetic Datasets by Targeted Image Generation

Figure 4.2: Left: examples from the GTA5 dataset. Middle: examples from the Synthia
dataset. Right: examples from the CARLA simulation environment.

The following sections showcase the performance of several strategies. On the one
hand, sampling approaches based on objectives that are independent of the real-world
target domain are analyzed. Class uniform sampling and active learning acquisition
functions like entropy and coreset are utilized to assign a value to the synthetic images.
On the other hand, sampling approaches are analyzed, which take advantage of a
key assumption underlying many semi-supervised learning methods: “Unsupervised
learning performs best if correspondences between the labeled and unlabeled sets exist”.
Therefore, challenging images are identified in the real world, and their counterparts are
searched for in the synthetic world. For repeatability, the experiments utilize the GTA-
5 dataset to represent the synthetic world in which sampling can be performed. The
Cityscapes and ACDC datasets represent the target domain. This setting simulates a
scenario that is demonstrated in Figure 4.1, where the assumption is that a simulation
engine (e.g., CARLA [43]) produces simulation data constantly and writes it to a
buffer. The aim is to acquire the optimal subset of synthetic images from this buffer.

4.2.1 Common Simulation Engines and Acquisition Strategies

Several existing synthetic simulation engines and acquisition strategies have been used
to create synthetic datasets. These engines are crucial in generating diverse and re-
alistic synthetic data for various applications. The following discusses some notable
examples:

The GTA5 [188] dataset was created by extracting frames from the game Grand
Theft Auto V (GTA5) and annotating them with semantic segmentation labels. Frames
were recorded during gameplay. The authors sampled the synthetic frames by taking
every 40th frame. The aim was to capture diverse scenes within the game world. The
dataset mainly aims to provide a large-scale, pixel-level annotated dataset for training
semantic segmentation models.

The SYNTHIA [191] dataset provides synthetic images with semantic segmenta-
tion annotations. The dataset was generated using a virtual city created with the
Unity development platform. The synthetic frames were sampled from multiple cam-
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era viewpoints. The authors introduced various illumination conditions and textures
to create a diverse distribution. The dataset aims to improve segmentation perfor-
mance on real-world data by combining SYNTHIA with real-world data, just like the
GTA5 dataset.

The SHIFT [222] dataset is built to analyze autonomous driving domain shifts. It is
built on data from CARLA [43] and comprises various domain shifts, including various
driving environments and weather conditions. The dataset provides annotations for
tasks relevant to the environment perception of self-driving cars, such as semantic
segmentation, detection, and depth estimation. The dataset contains 2.500.000 of
such annotated frames with a continuous shift in the given domain, which allows for
analyzing and training segmentation models under different domain shifts.

Acquisition strategies: The Synthia, GTA5, and SHIFT datasets were sampled
randomly or uniformly. For example, the GTA5 dataset chose every 40th frame. They
all tried to capture various weather, viewpoints, and lighting conditions. However,
they did not choose frames w.r.t. objectives like novelty uniqueness or relevance, as
active learning approaches do (c.f. Chapter 2.2). As argued in the introduction of
this section ideally synthetic dataset should be sampled by acquisition functions that
select frames that are relevant to the real-world target domain. That means they should
represent unknown and, therefore, critical information about the target domain and
ideally be similar to the real-world target domain. There are some approaches that
present solutions for acquiring corner case data in the synthetic world.

For instance, Kowol et al. [111] focus on augmenting training data in automated
driving by generating safety-critical driving situations called “corner cases”. These
“corner cases” were simulated using CARLA [43]. A test rig is employed, in which one
operator observes the virtual image while another monitors the output of a semantic
segmentation network applied to the same image. When the network’s prediction is
unsafe for driving the car, the first operator intervenes, and the image is saved as a
corner case. The objective is to generate corner cases that challenge the network’s
perception in safety-critical scenarios.

This acquisition strategy does not explicitly consider the actual real-world target
domain when evaluating a frame. I.e. the reason the image is difficult to segment and
interpret could be due to image information that occurs in the synthetic but not the
real world. There are, however, some “sampling” strategies that have been developed
for other tasks that take the real-world target domain into account.

Sun et al. [219] introduce a method for transfer learning in semantic segmentation
relevant to this chapter. This work, however, uses annotations both in the real world
and the synthetic world. The aim is to select regions of the synthetic images that yield
a high similarity to the real-world images. They utilize hierarchical weighting networks
to score similarity between pixels, regions, and the whole image. They improve training
the segmentation model on the combined real and subsampled synthetic domain.
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Figure 4.3: An initial synthetic training set is provided. Unsupervised domain adaptation
(UDA) is applied to adapt the model to the real-world target domain. Priority
scores are computed using the trained model for real-world images. Real-world
images where the segmentation performs poorly receive a high priority score.
Synthetic images with the highest correspondence to the prioritized real-world
images are selected. The chosen synthetic images are incorporated into the train-
ing dataset. The images represent information about the real-world failure cases.

Kim et al. [105] present a method for semi-supervised domain adaptation, i.e., a
small amount of data from the real-world target domain is given. They introduce a
sampling of the synthetic source domain. This sampling is done on the pixel level.
The method first trains a network on the small real-world target domain set. This
pre-trained network is then applied to the synthetic source domain. The labels are
discarded if the network’s prediction does not agree with the ground truth. The idea
is that the remaining pixels are similar to the target domain. Additionally, the method
conducts an image-level subsampling based on class balance.

Both approaches have in common that they try to eliminate information from the
synthetic source domain that does not correspond to the given real-world target do-
main. However, synthetic data should ideally represent unknown information about
the real-world target domain. The approaches by Sun et al. [219] and Kim et al. [105]
would eliminate such information from the synthetic images since it would not match
the subset of data sampled from the real world that makes up the target domain dis-
tribution. The following section will introduce an approach to scoring images based
on their similarity to the target domain and the criticality of the data.

4.2.2 Synthetic Dataset Acquisition for a Specific Target Domain

This section develops an acquisition function to intelligently select important images
from the buffer (see Figure 4.1 page 93) filled constantly by the simulation engine with
synthetic images of a large variety. With a specified budget B of synthetic images to be
acquired, the function aims to improve the performance of the semantic segmentation
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network on the target domain in a scenario where methods of unsupervised domain
adaptation (UDA)–see Section 3–are utilized during training. All acquisition functions
share a similar generic structure. Each sample from the currently buffered synthetic
data receives a score. The score should reflect the value of the corresponding synthetic
image. The value is high if training on the image greatly improves the segmentation
performance on the real-world target domain. In the end, the B images with the
largest score are selected from the synthetic world, irrespective of the approach used.
After these B images are added to the set of synthetic data, the DNN is trained again,
and UDA is utilized to adapt to the real-world target domain. Due to the retraining,
the uncertainties of the network are updated, and the knowledge that is represented
by the B images is incorporated. As Figure 4.3 shows, the next B images are selected
by their score. Since the uncertainties of the network are updated, the next B images
that are sampled will represent novel information.

This section proposes two types of acquisition functions, which can be distinguished
by the computation of the scores.

• Correspondence-based acquisition functions leverage synthetic and real-world
data to select synthetic images representing meaningful correspondences to the real-
world target domain. These acquisition functions select synthetic samples that align
well with important data clusters in the real-world domain.

• Simulation-only acquisition functions focus solely on information and statistics
from the synthetic world.

Section 4.2.2.1 explains how the different versions of simulation-only acquisition
functions this chapter considers score the images, and Section 4.2.2.2 introduces the
correspondence-based acquisition functions.

4.2.2.1 Simulation-only Acquisition Functions

Class uniform sampling: This acquisition function aims to achieve a balanced syn-
thetic set regarding the class statistics in the segmentation labels. A histogram is built
by incrementing a certain class if it is present in the chosen image’s segmentation label
to track how often that class appears in the already chosen data. The class uniform
sampling is initialized with a random selection of an image. After updating the his-
togram, the class with the lowest value is computed, and an image with a label map
containing that class is chosen. The ‘score’ of an image is maximized if the rarest
class in the histogram is present in the synthetic image. If many images fulfill that
requirement, a random selection is applied among them.

Entropy: Entropy [205] acquisition is based on ideas presented in active learning
literature of Chapter 2. The semantic segmentation is computed for a given simulated
image together with the corresponding pixel-wise entropy over the a-posteriori class

97



Chapter 4 Optimizing Synthetic Datasets by Targeted Image Generation

distributions (c.f. Section 2.4.4). The pixel-wise entropy represents the ‘score’ value
of a synthetic image and is an estimate of the epistemic uncertainty. The images with
the largest averaged entropy are chosen until B is full.

CoreSet: The Coreset [203] approach selects a batch of samples that cover the
whole data distribution of the simulated world. It formulates this batch selection as a
robust B-center selection problem and tackles the redundancy in the simulated world
(c.f. Section 2.4.4). The ’score’ of an image represents how well the distribution of all
synthetic images is represented by the acquired batch when this image was added.

4.2.2.2 Correspondence-based Acquisition Functions

The clustering assumption of semi-supervised learning (SSL) yields that if two points
belong to the same cluster, their outputs are likely to be close and can be connected
by a short curve (c.f. Section 2.3). In other words, if the synthetic samples are
aligned with clusters of the unlabeled real-world samples, it follows from the cluster
assumption of semi-supervised learning that a valid learning signal can be created for
these real-world clusters. In such a case, UDA methods, should yield good performance
since they are a variant of semi-supervised learning (the target domain is the unlabeled
data). Therefore, newly selected synthetic samples must cover the unlabeled real-world
clusters not yet covered by synthetic samples to maximize semi-supervised learning
performance.

Figure 4.3 shows how the approach utilizes the cluster assumption. The figure rep-
resents the general feedback loop for selection that is further described in Algorithm 1.
The algorithm starts with a small initial synthetic set and trains a DNN for segmen-
tation while using UDA to the real-world target domain. The UDA method aligns the
distributions of the source and target domain in the feature space of the DNN.

Synthetic image selection based on real-world images: The aim is to select
B synthetic images X ∗

S = {xS∗
1 , . . . , xS∗

B } from the N synthetic source domain images
XS = {xS

1 , . . . , xS
N} based on their correspondence to a subset X ∗

R of the set of M

real-world target domain images XR = {xR
1 , . . . , xR

M}. This aim follows the clustering
assumption, i.e., that the correspondences between the labeled source domain and
unlabeled target domain facilitate the unsupervised learning on the target domain.
Therefore, three methods for selecting the subset X ∗

R of real-world images as targets
for correspondence with the synthetic world are analyzed first. In Algorithm 1 this
is the ’sort_by_priority’ function. This function sorts the real-world images by their
priority. The priority defines for which of the real-world images the algorithm selects
a matching synthetic image first. To compute the value of ’sort_by_priority’, there
are different options:

• Corner Case (CC): The real-world images are scored and sorted by the entropy
over the prediction of the trained network (see Chapter 2). This scoring aims to
find the synthetic correspondence for these real-world corner case images.
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Algorithm 1: Greedy Synthetic Image Selection via Correspondence
Data: synthetic image set XS = {xS

n}Nn=1,
real image set XR = {xR

m}Mm=1,
budget B

Result: selected synthetic set X ∗
S = {xS∗

i }Bi=1 ⊆ XS

X ∗
R ← sort_by_priority(XR, B); // top-B or all if Global

Ccorr
n,m ← correspondence(xS

n , xR∗
m ); // for all n = 1 . . . N, m = 1 . . . |X ∗

R|
X ∗

S ← ∅;
foreach xR∗

m ∈ X ∗
R do

n∗ ← match_synthetic(xR∗
m ; Ccorr); // match via Eq. 4.2

if xS
n∗ /∈ X ∗

S then
X ∗

S ← X ∗
S ∪ {xS

n∗};
Ccorr

n∗,: ← −∞; // ∞ if distance; prevents re-selection
end
if |X ∗

S | = B then
break; // budget reached

end
end

• Arbitrary (Arb): The real-world images are scored and sorted by a random score.
This arbitrary scoring aims at finding the synthetic correspondence for a random
subset of real-world images.

• Global (Gl): No priority is assigned. This strategy aims to choose the synthetic
images that correspond the most closely with any real-world image.

Given the budget B the algorithm computes a set of selected real-world images X ∗
R =

{xR∗
1 , . . . , xR∗

B } where X ∗
R ⊆ {xR

1 , . . . , xR
M} that are the B real-world images with the

highest priority. This, at least, is the case for CC and Arb. However, the last case
Gl does not perform a selection, and all real-world images are considered. Next, the
algorithm computes a similarity or distance matrix that describes the correspondence
of each of the selected real-world images with each synthetic image:

Ccorr
n,m = correspondence(xS

n , xR∗
m ), xR∗

m ∈ X ∗
R, xS

n ∈ XS . (4.1)

A later part of this section shows the computation of such a correspondence matrix.
The correspondence can be a distance or a similarity. If it is a distance, the set of
synthetic images that minimize the sum of all correspondence values with the real-world
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target images is computed. Vice-versa, if the correspondence represents similarity, the
sum of the correspondence values is maximized.

n∗ = match_synthetic
(
xR

m; Ccorr) =


arg min
n=1...N

Ccorr
n,m, if Ccorr

n,m is a distance,

arg max
n=1...N

Ccorr
n,m, if Ccorr

n,m is a similarity.
(4.2)

The ’match_synthetic’ function in Algorithm 1 computes the index n∗ of the image
from the set of non selected synthetic images, with the minimum distance or maximum
similarity (see Equation 4.2) to the current xR∗

m ∈ X ∗
R. After a matching synthetic

image xS
n∗ has been computed for each xR∗

m ∈ X ∗
R the B synthetic images xS∗

1 , . . . , xS∗
B

have been found. This way of selecting the B synthetic images xS∗
1 , . . . , xS∗

B represents
a greedy approximation to minimizing or maximizing the sum of correspondences. The
global solution would, however, involve matching

(N
B

)
sets of synthetic data with the

B prioritized real images, a computationally infeasible task.
Finding a good measure for correspondence: to compute the correspondence

matrix, either a measure of similarity or dissimilarity is needed (see Equation (4.2))
that captures the relevant features of the real and synthetic images for semi-supervised
learning. For this, the current trained model is taken to compute the feature space
representation of the real and synthetic images. A synthetic image “corresponds” to a
real-world image if the embedding is similar or if the feature space distance is small.

The cosine similarity is used as a measure of similarity. A global average pooling over
the spatial dimensions reduces the feature space to one vector. The cosine similarity
is computed between the vector representation of the images. In case the contents of
the correspondence matrix are distances, the Hausdorff [47] distance or the Euclidean
distance between the Gram matrices [59] is used as a measure of the distance between
the feature space representations of real-world or synthetic images. The aim of using
the Gram matrix is to represent the style and texture of an image. The distance of
two images then focuses on global image properties. An essential aspect for both is the
encoder that is being used. In this work, the feature space of the trained segmentation
network is utilized in most cases. Some experiments, also employ a VGG-19 [210]
ImageNet [38] encoder.

Deciding on final methods: Finally, this work develops and applies different
methods from the building blocks that were described:

• “CC min/max sim”: Indicates the minimization or maximization of the cosine sim-
ilarity with real-world corner case images

• “max sim I-NET”: Uses the the VGG-19 ImageNet encoder to compute feature
space representation/similarities.

• “Arb max sim”: Instead of maximizing the similarity with corner case images, a
random corner case score is assigned to each real-world image.
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• “Gl max sim”: The synthetic images that represent the pairs in the correspondence
matrix with the largest similarity

• “Gram Matrix”/“Hausdorf”: The distance of Gram matrices or the symmetric
Hausdorf distance is used

• “uni“: This prefix implies that the class uniform sampling is introduced as a re-
quirement

As described above, some variations include adding class uniformity as an additional
optimization criterion (“uni“). In the end, the selection of synthetic images is added
to the synthetic training set, and the model is retrained, starting the cycle again.

4.2.3 Experiments

This section briefly describes the experimental setup and compares the proposed meth-
ods introduced in Section 4.2.2.

4.2.3.1 Experimental Setup

During the experiments, the GTA5 dataset represents the synthetic world. It consists
of 24966 synthetic frames (source domain). In each acquisition step, a budget of
B = 250 frames is sampled by Algorithm 1 in each iteration of the process displayed in
Figure 4.3 on page 96 . This budget B = 250 represents roughly 1% of the data in the
GTA5 dataset. The sampling in the experiments is done five times, which accumulates
up to 5% of the whole GTA5 dataset. This setup would correspond to a system that
constantly creates synthetic data with many variations and saves the resulting images
into a buffer. The GTA5 dataset represents the current state of the buffer of synthetic
images (c.f. Figure 4.1 page 93). The acquisition functions select the images from this
buffer and add the resulting frames to the final set. The current buffer would be
extended or replaced between the selection cycles in a practical application. However,
given its large size, the GTA5 dataset approximates such a setup well.

The experiments employ the state-of-the-art UDA approach “DA-Former” [77] to
adapt to the real world. The model is trained for 20,000 iterations with a batch size
of two images. The real-world target domain is represented by the Cityscapes [36]
and ACDC [197] dataset. The Cityscapes dataset represents a very “clean” distribu-
tion with limited variations w.r.t. illumination, weather, and season conditions. The
ACDC dataset represents a distribution with large variability w.r.t. weather (e.g., fog,
rain, snow) and illumination (day, night) conditions. Experiments on multiple target
domains are important since different acquisition functions might work in different
scenarios.

As introduced in Section 4.2.2, this work employs different acquisition functions for
the synthetic world. Entropy, Coreset, and Class uniform acquisitions only depend on
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Table 4.1: Domain change from GTA5 to
Cityscapes. Maximum mean
Intersection over Union (mIoU)
in % and the area under the
curve (AUC) after sampling from
1%–5% of the data. Simulation-
only (S) and Correspondence-
based (S+R) acquisition func-
tions are compared. Best results
bold, second-best in emphasis.

Acq. Function max AUC

- Random 64.53 2.36
S Entropy on GTA5 62.01 2.38
S Coreset on GTA5 62.93 2.39

S+R Hausdorff 62.26 2.37
S+R Gram Matrix 61.94 2.33
S+R CC min sim 65.78 2.55
S+R CC max sim 63.57 2.47

S uni sampling 66.17 2.56
S+R uni CC max sim 65.87 2.55
S+R uni CC max sim I-NET 65.47 2.54
S+R uni CC min sim 65.55 2.53
S+R uni Gl max sim 65.55 2.55
S+R uni Arb max sim 65.35 2.54

– 100% data 67.80 –

Table 4.2: GTA5 to ACDC domain change.
Maximum mean Intersection over
Union (mIoU) in % and the
area under the curve (AUC) af-
ter sampling from 1%–5% of the
data. Simulation-only (S) and
Correspondence-based (S+R) ac-
quisition functions are compared.
Best results bold, second-best in
emphasis.

Acq. Function max AUC

- Random 46.91 1.82
S+R CC min sim 46.68 1.80
S+R CC max sim 47.83 1.84

S uni sampling 47.50 1.88
S+R uni CC max sim 49.30 1.98
S+R uni Gl max sim 48.89 1.91

– 100% data 46.37 –

the synthetic world, while selecting synthetic data based on real-world data takes the
target domain into account. The variations presented in Section 4.2.2 are evaluated
for the latter. Each variation function is evaluated by the maximum Mean Intersection
over Union (mIoU) on the Cityscapes and ACDC dataset and the area under the mIoU
curve (AUC see chapter 2) that results from the acquisition steps.

4.2.3.2 Quantitative Evaluation

The quantitative evaluation assesses the performance of different acquisition functions
for the synthetic world as introduced in Section 4.2.2. These acquisition functions are
analyzed on the two domain changes (GTA5 to Cityscapes and GTA5 to ACDC).

GTA5 to Cityscapes Shift: Table 4.1 presents these values to evaluate the
segmentation trained on the GTA5 dataset and adapted to the Cityscapes dataset.
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Most of the performance can be achieved with a small amount of synthetic data. A
max mIoU =66.17% is achieved with 5% of synthetic data only, which is 95.6% of the
performance achieved with 100% of the data (max mIoU =67.8%). This indicates that
the synthetic world contains a lot of redundancy. Except for Entropy, Coreset, and
Gram Matrix, all acquisition functions performed better than random sampling. Class
uniform sampling proved crucial in the GTA5 to Cityscapes domain change, as having
samples from all classes was particularly important for unsupervised domain adapta-
tion (UDA). Notably, the class uniform sampling does not utilize information from the
real-world target domain but still achieves the best results. However, the Entropy and
Coreset acquisition functions that utilize uncertainty or distribution features from the
synthetic domain perform worse than functions that utilize real-world information.
Regarding the latter class of acquisition functions, the Hausdorff and Gram matrix
distance performed worse than utilizing the cosine similarity as a measure of corre-
spondence. Interestingly, similarity minimization works better than maximization on
GTA5 to Cityscapes domain change if corner case images are chosen for computing
correspondences and class uniformity is not enforced. Introducing the class uniformity
requirement does help all acquisition strategies to be on par with the class uniform
sampling, which is the best strategy for this domain change. Additionally, to class
uniformity, introducing a priority for real-world corner case images during the compu-
tation of correspondences does not improve the results. Finally, utilizing the VGG-19
ImageNet encoder does not result in a more meaningful correspondence score as the
results do not improve (e.g., ’uni CC max sim I-NET’ compared to uni ’uni CC max
sim’).

GTA5 to ACDC Shift: Table 4.2 presents the GTA5 to ACDC use case results.
For this domain shift, using 100% of the data seems to decrease performance compared
to all acquisition functions, including the random sampling, even though only 1%-5%
of the data is sampled. That even indicates that some images may introduce a bias
into the model that makes unsupervised learning on the real world more difficult. On
the GTA5 to ACDC domain change, uniform sampling did not perform best but still
offered an improvement in combination with similarity maximization. Finally, one can
observe that, other than in the GTA5 to Cityscapes shift, assigning priority for real-
world corner case images during correspondence computation (’uni CC max sim’) is
introducing a benefit in the GTA5 to ACDC domain change (better than ’uni CC max
sim’).

Comparison: Very little data achieves similar or better performance on the re-
spective real-world target domain for both domain shifts. These results highlight the
need for more effective acquisition strategies, saving memory and training time, and
avoiding a bias in the data that introduces a worse performance despite having more
data. The latter problem, which is present in the GTA5 to ACDC shift, is probably
due to the fact that the dataset distributions do not overlap as well as the GTA5 and
Cityscapes datasets (see Figure 4.5 page 105). The assumption is that either ’wrong’
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Figure 4.4: Left: class-wise IOU over the acquisition steps. The bottom bar is the first
iteration, and the top bar is the last. The Cityscapes dataset is the target domain.
Class uniform sampling was used. Right: class-wise IOU over the acquisition
steps. The bottom bar is the first iteration, and the top bar is the last. ACDC
is the target domain: class uniform sampling + similarity max.

information is introduced (image information represents a different label) or that the
imbalance of little corresponding relevant and lots of non-corresponding irrelevant data
causes the model to assign less weight to the former. A further interpretation is that
this is part of the reason why similarity maximization combined with class uniformity
has the advantage in this domain shift. Given that it picks only corresponding informa-
tion between the domains, the non-corresponding irrelevant data is being eliminated.

4.2.3.3 Qualitative Evaluation

Figure 4.5 displays the t-SNE representations of the synthetic and the real-world images
in the feature space of VGG-19 encoders and the trained segmentation net. The t-
SNE [148] algorithm computes a dimensionality reduction of the high dimensional
feature space representation into two dimensions, allowing for a qualitative comparison
of the image distributions. The t-SNE plots are generated for both the GTA5 to
Cityscapes domain change and the GTA5 to ACDC domain change. One can observe
that the number of correspondences, i.e., yellow and purple data points close to each
other, is sparse in all domain changes and for all encoders. This effect is especially
strong in the case of the GTA5 to ACDC domain change. This can be interpreted
in different ways. For one, it could be that the encoders do not capture the features
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(a) GTA5 + Cityscapes (b) GTA5 + Cityscapes (c) GTA5 + ACDC

GTA5 Cityscapes/ACDC

Figure 4.5: T-SNE plots of feature representations: (a) GTA5 to Cityscapes domain change
based on a segmentation network and a (b) VGG-19 Image-Net encoder. (c)
GTA5 to ACDC domain change t-SNE plots are based on feature representations
from a segmentation network. Feature representations of GTA5 are indicated in
purple, while those of Cityscapes and ACDC are in yellow.

important for similarity well. On the other hand, it could be a hint that the GTA5
dataset is not ideal for capturing the Cityscapes or ACDC domain. There appears
to be more overlap between the Cityscapes and the GTA-5 than between the GTA5
and the ACDC datasets, which could further explain the lower absolute mIoU values
obtained in the latter domain change. Given that most of the samples do not overlap
between the two domains, this could also be a reason why sampling 100% of the GTA5
data introduces a bias and works worse than sampling 1-5%.

When comparing the ImageNet VGG-19 encoder with the segmentation network
encoder based on their feature representations, the overlap seems to be slightly larger
when using the VGG19 encoder. Generally speaking, using the feature representations
of the segmentation network encoder makes sense since the displayed distribution is
the same that the classification is performed on. Hence, similarity in this feature space
indicates the similarity of two images with respect to the segmentation task.

4.2.3.4 Limitations and Discussion

Future work should build on the analysis of the different performances of the acquisition
functions introduced in this chapter. An interesting factor is the kind of domain
change, i.e., the real-world target domain representing the target domain. Relevant
factors are different environment conditions or sensor setups and how the content/
correspondences in the synthetic world influence the performance of the acquisition
functions. The similarity function is a likely building block of the system that can be
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improved. The quality of the similarity function is largely dependent on the encoder
that is used to compute the latent space. The encoder function, therefore, determines
the meaning of the distance or the cosine similarity, identifying the most relevant
correspondences. In this context, another interesting future analysis is to determine
why specific synthetic images negatively impact the training and the performance of
the trained model on the target domain. Figure 4.4 on page 104 shows that the class
IoU values alternate with the increase in iterations, which indicates that not all of the
added information has a positive impact. Following the proposed analysis points, a
direction for improving the acquisition functions can be identified.

4.2.4 Conclusion

This work addresses and introduces the research question of how to construct a syn-
thetic dataset that facilitates unsupervised adaptation to a specific target domain. The
experiments demonstrated that by sampling a small portion of the synthetic data (1-
5%), a performance quite close to or better than achieved with the entire dataset can
be obtained. Moreover, the work discovered that training on the complete synthetic
dataset can introduce a bias and degrade performance when the synthetic domain
poorly represents the real-world domain. Through an extensive study of different ac-
quisition functions, the work identified their benefits in enhancing adaptation. The
findings presented in this work can be leveraged to create a synthetic dataset tailored
to specific real-world target domains.

Given the results, one can propose utilizing the CARLA simulation engine to gener-
ate a stream of data and iteratively select the most relevant samples, as demonstrated
in this work. The insights gained from this research contribute to advancing the field
of synthetic data utilization and have implications for improving perception systems
in real-world applications.

Future work should focus on optimizing the building blocks of the presented acqui-
sition functions in real-world scenarios. Among these building blocks, improving the
similarity function is especially interesting. A possible point for improvement would be
the latent space in which the similarity is computed. For example, an analysis of dif-
ferent encoder architectures and training strategies would be warranted. The proposed
acquisition function should also be validated in a wide variety of real-world applica-
tions spanning different camera systems and environments. This validation could be a
foundation for the next step towards piratical use.

4.3 Utilization of Data-Driven Generative Models

Even though simulation engines like CARLA offer a cost-effective and easy way to
create annotated data, they come with challenges. One of the most prominent issues
is the domain gap between the generated synthetic data and the real-world data to
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Figure 4.6: Example of utilizing diffusion models to improve realism and quality of a synthetic
image. Φn denotes the prompt that, together with the GTA-5 image, serves as
input for the diffusion model. A big problem are the semantic inconsistencies
created by the generative models (in this case, ControlNet [287]).

which the trained DNNs should be applied. Additionally, the synthetic data from these
simulation engines often are limited w.r.t. diversity. That is because the quality and
variety of the generated data largely depend on the human modeling of the elements
in the synthetic world. This human effort can be interpreted as a kind of annotation in
itself and, therefore, contradicts the original purpose of utilizing simulation engines for
data generation. Furthermore, the human effort to model synthetic elements compli-
cates the adaptation of simulation engines to new application domains. This challenge
is especially evident in complex, specialized domains like medical image processing.
In medical image processing, many sensor domains and medical applications would
require specialization or adaptation of the given simulation environment. Therefore,
data-driven generative models based on DNNs offer a promising alternative. Given
that such models are data-driven, no human modeling is necessary. They can then,
e.g., be used to transform synthetic images from simulation engines to more realistic
versions to reduce the gap between the synthetic and the real-world domain. Modern
diffusion models like Stable Diffusion [190] or ControlNet [287] even offer the ability
to alter the image content and style by control through textual descriptions, i.e., text
prompts. As Figure 4.6 shows, this allows for introducing higher degrees of realism
and diversity without human modeling of synthetic elements.

This work, therefore, investigates two applications of data-driven generative models:

1. It utilizes diffusion models to create large training data distributions to train models
that generalize well to many unseen data domains. This approach described in the
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next Chapter 5 hence augments the capabilities of simulation engines like CARLA
by transforming the synthetic data to more realistic and diverse versions.

2. But first, the remaining part of this chapter describes how to utilize data-driven
models on their own for the application of medical image processing, where pre-
existing simulation engines are rare. The presented approach utilized the differ-
entiability of DNN-based generative models to produce high epistemic uncertainty
images. The epistemic uncertainty of an image is high if it is not part of the training
distribution of a given discriminative model, which makes the generation of such
images especially interesting. The following section shows that a model trained on
such data yields better generalization capabilities and improved robustness.

4.4 Targeted Synthetic Data Generation

Creating imaging datasets for training deep neural networks consists of three major
steps: data acquisition, data selection, and data labeling. These steps are especially
challenging in the domain of medical image processing. Data acquisition is often
limited and data delivery is impaired by privacy regulations. Also, relevant image
data might further be bound by the frequency of certain medical scenarios (e.g. rare
diseases). Another main obstacle is the costly and time-intensive data labeling, which
often requires medical professionals.

This work addresses these problems by utilizing generative models to extend the
distribution of the given training data. More specifically, it aims to create data points
representing missing parts of the relevant distribution. Such data points are marked
by a high epistemic uncertainty (see chapter 2) when processed by a discriminative
model (i.e. a classifier network). This section presents a novel approach called TSynD
(Targeted Synthetic Data generation): a method specifically designed to steer the
generation process in order to synthesize data points from the missing parts of the
training distribution and utilize them during the training of downstream tasks (here:
classifier). For data generation, TSynD employs an autoencoder model that is able
to reconstruct existing images of the training distribution. The autoencoder consists
of an encoder that transforms the image into the latent space and a decoder that
reconstructs the input image from the latent space. TSynD aims to optimize the latent
space representations of the autoencoder in a way that the decoded images maximize
the epistemic uncertainty in a given classifier. By further training the classifier on these
images, classification models that generalize well to unseen data are obtained. This
feature is especially important in medical image processing. We, therefore, show the
performance of the TSynD method on several medical classification datasets. In order
to simulate the smaller training datasets, typical for the medical image community, as
well as recreate cases of out-of-distribution samples, this work primarily considers a
low-data training setting. This work provides experiments to investigate the out-of-
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distribution performance through random test time augmentations and investigate the
robustness to adversarial attacks. Further, the robustness of the presented approach is
investigated visually by applying class activation explanation approaches. This section
additionally shows that a classifier trained with TSynD utilizes more meaningful image
information.

4.4.1 Generative Models and Augmentation for Generalization

This work presents a novel method for training networks that generalize to out-of-
distribution samples. An adaptive data generation process based on generative models
is employed in this context.

Data augmentation is a commonly used way of extending the given training distri-
bution. However, the distribution extension is mostly untargeted for these methods.
As stated by Zhou et al. [299], there are four different types of data augmentation:
firstly, there are image transformations, e.g., random flipping, rotation, or color aug-
mentations. Secondly, model-based augmentations, which, e.g., consist of random
convolutions [260] or other augmentation networks like style transfer networks [10] or
learnable image generators [171, 292]. Thirdly, latent space augmentations directly
augment the latent space distributions of the tasks (e.g., classification) model as in
Zhou et al. [293]. Finally, some approaches utilize adversarial gradients.

Adversarial gradient augmentation and, more specifically, task adversarial augmen-
tations are the most similar categories to the approach presented in this work. The
approaches of Sinha et al. [211], Volpi et al. [236], and Qiao et al. [183] utilize adver-
sarial attacks by computing adversarial gradients w.r.t. to the task network in order
to alter the training images. In this context, the alternation is done by optimizing the
pixel values of the image as parameters themselves. Such methods are often accused of
introducing noise perturbations instead of larger image alternations, e.g., representing
domain shifts (Zhou et al. [299]).

In contrast, the approach presented in this work optimizes the latent space of a
generative model as parameters of the image generation. The intuition behind this
is that latent space is a more abstract image representation; thus, altering it would
lead to more complex and meaningful image changes. The work of Stutz et al. [217]
is, therefore, the most related to the approach presented in this work approach. They
employ a VAE-GAN model [192] to represent the manifold and, similar to this work,
compute perturbations on the latent space to create adversarial examples. In contrast
to us, they do not maximize the uncertainty but rather maximize the cross-entropy loss.
The optimization effectively changes the predicted label and thus introduces the need
for constraints to maintain the true image class. The approach presented in this work
is inspired by active learning (see chapter 2) and puts the main focus on generating
images that maximize the epistemic uncertainty of the given classifier. This brings
the advantage of not requiring any additional constraints. The work of Li et al. [130]
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Figure 4.7: The overall framework of TSynD (Targeted Synthetic Data generation) for the
robust training of a classifier: The autoencoder is pre-trained unsupervised; then,
its weights are frozen. During classifier training, the latent spatial representations
of original images are optimized to maximize the classifier’s epistemic uncertainty
in the decoded images. The new images then serve as additional training data.

also utilizes an autoencoder. Similar to this work, they compute perturbations on the
latent space by, e.g., using random noise. This work utilizes the randomly perturbed
latent space as a starting point for the optimization to increase data diversity.

4.4.2 Guiding the Generation Process

Given a labeled data set D = {(xn, tn)}Ndata
n=1 , where xn ∈ X and tn ∈ {1, . . . , K} (K

is the number of classes), the approach aims to use the generative model in a targeted
way to make a classification network M : X → Y more robust to missing parts of the
data distribution that are not included in the labeled set D. The generative model,
e.g. an autoencoder, consists of an encoding function fenc : X → Z and a decoder
fdec : Z → X , where Z is the latent space. It can be trained in an unsupervised
way using a larger amount of unlabeled data from the domain X . Inspired by active
learning strategies, the approach utilizes the generative model to create images that
maximize the epistemic uncertainty of the classification networkM. Samples yielding
a high epistemic uncertainty represent missing parts of the learned distribution, and
training on such samples can make the classification network more robust. Figure
4.7 shows an overview of the approach: Starting with the encoded labeled images,
the latent code z is optimized to reconstruct new images that locally maximize the
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epistemic uncertainty of the classifier M. The newly generated samples are now used
together with the labeled images for the classifier training.

4.4.2.1 Estimation of the Epistemic Uncertainty

Given the classifier M with model parameters θ, the predictive class probability dis-
tribution for a decoded image x̂ = fdec(z) with latent code z is computed by

P (k | x̂, θ) = P (k | z, θ) = σ(M(fdec(z); θ)), (4.3)

where the function σ(·) transfers the classifier logit outputs into probabilities of the
classes k ∈ K. Here, σ(·) is the softmax function in the case of a multilabel classification
or a sigmoid function in the case of a binary classification. The primary objective is
to guide the reconstruction process x̂ = fdec(z) in a manner that the resulting sample
x̂ contributes meaningfully to the training of the classifier M. This guidance involves
modifying a latent variable z ∈ Z of the autoencoder with the aim of generating
samples with high epistemic uncertainty in the classifier M.

The uncertainty of the predictive distribution is defined by the entropy

UH(z) = H(P (k | z, θ)) = −
K∑

k=1
P (k|z, θ) log(P (k|z, θ)), (4.4)

however, the epistemic uncertainty associated with a data sample x̂ = fdec(z) stems
from uncertainty in model parameters. This can be quantified by the expected change
in entropy of the model parameter posterior distribution, expressed by the conditional
mutual information [135]:

UMI(z) = MI(z; θ(r)) = H(Eθ(P (k | z, θ(r))))− Eθ(H(P (k | z, θ(r)))), (4.5)

where the expectation is computed over Monte Carlo Dropouts [107]. Mutual infor-
mation is considered to be a better measure of epistemic uncertainty [107]. To keep
the additional computational effort low, the approach only iterates over the last layers
of M with RMC dropout masks to compute samples of P (k|z, θ(r)), with {θ(r)}RMC

r=1
and RMC = 10.

4.4.2.2 Targeted Synthetic Data Generation

An optimization-based approach is used to find latent codes z that locally maximize
the given measure for uncertainty U(z). As shown in Fig. 4.7, starting with the latent
code zn = fenc(xn) of a random image of the training distribution, a local maximum
is searched as

z∗ = arg max
z

U(z). (4.6)
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Figure 4.8: Left: the result of guiding the generative model by maximizing the entropy. Right:
the result of guiding the generative model by maximizing the Mutual Information
Additionally, the figure provides the non-optimized reconstruction of the image.

Since M and fdec both are differentiable, U(z) can be maximized by standard back-
propagation. The resulting sample x̂ = fdec(z∗) is added to the training set, assuming
that it belongs to the same class as xn, but lies in missing parts of the learned data
distribution, as indicated by the high uncertainty. Figure 4.8 shows the effects that
choosing the MI or the entropy as a measure for the uncertainty U has on the generated
data.

Latent space noise. Apart from the uncertainty that a sample yields, the diversity
w.r.t. the training distribution is crucial. To introduce further varieties into the
reconstructed image, samples are generated by adding uniform noise to latent codes
zn = fenc(xn):

x̂ = fdec(zn + ϵ), ϵ ∼ N(0, σI). (4.7)

The resulting image x̂ is an alternative representation of xn and, therefore, increases the
diversity in the dataset. Latent space noise can be used as a stand-alone augmentation
or as an initial augmentation before optimization according to Eq. 4.6 to generate even
more diverse samples.

4.4.2.3 The Training Process.

In each training iteration, the batch (batch size B) is divided into two halves: The first
half consists of original image-label pairs {(xn, tn)}

B
2
n=1, and the second half consists

of the optimized reconstructions x̂n = fdec(z∗
n) resulting from Eq. (4.6), along with

their corresponding labels {(x̂n, tn)}
B
2
n=1. Since the maximization of the epistemic un-

certainty depends on the current state of the classifier M, the generation process of
x̂n needs to be redone after each training iteration. This also prevents the so-called
mode collapse problem (see chapter 2) that would occur if the image generation was
performed only once. The resulting images would be similar since similar images are
likely to maximize the uncertainty of the given classifier. However, since retraining and
generation are done in an alternating way, the network is updated, and the generation
process yields new alternations.
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Table 4.3: Accuracy results of different MedMNIST datasets with a subsampling of the train-
ing dataset to 1% and 10%. The results are reported for the respective test set
of the datasets and two augmented versions of the test sets (Gaussian Noise and
adversarial attacks).

BreastMNIST DermaMNIST OCTMNIST OrganaMNIST OrgansMNIST PathMNIST
1% 10% 1% 10% 1% 10% 1% 10% 1% 10% 1% 10%

Baseline 70.7 75.2 66.8 65.2 59.9 67.5 71.9 89.3 49.6 67.8 67.4 77.2
Noise 72.0 78.2 66.7 65.8 61.0 71.7 73.8 87.8 52.9 68.6 64.7 83.5

TSynD 73.3 77.8 66.9 66.7 61.4 66.7 77.2 89.4 54.2 71.4 73.1 78.5

Gaussian Noise Augmentation during Test

Baseline 62.6 73.1 66.8 65.1 24.9 29.9 44.5 78.9 37.1 52.6 12.6 10.6
Noise 73.5 73.1 66.7 65.7 24.5 34.9 44.1 65.3 37.3 52.4 13.5 11.5

TSynD 73.3 73.1 66.9 66.7 28.7 36.4 63.5 85.1 45.6 66.4 28.2 12.8

Adversarial Attacks during Test

Baseline 65.6 7.1 66.4 48.8 5.3 3.3 34.4 68.4 13.8 25.6 28.5 21.1
Noise 68.6 21.6 66.7 53.0 8.1 4.1 39.2 71.6 25.1 25.6 31.7 26.1

TSynD 71.4 28.2 66.7 64.1 12.8 42.8 53.5 83.9 27.1 51.3 43.5 47.8

Optimizing latent codes vs. pixel values as parameters. Optimizing the
pixel values like in [183, 211, 236] likely results in salt and pepper noise. Altering
abstract representations introduces more substantial alternations since each element
of z ∈ Z represents larger receptive fields in the image. Additionally, the autoen-
coder is learned on the distribution of relevant images. The reconstruction process is,
therefore, already constrained w.r.t. this distribution. Constraints that need to be
introduced when optimizing the image pixels directly, like in the approaches of [183,
211, 236], are not needed. However, it is important to maximize epistemic uncertainty
(model uncertainty) rather than aleatoric uncertainty (data uncertainty). Maximizing
aleatoric uncertainty would result in ambiguous data, such as altering an image so
that it can no longer be classified (e.g., to a noise image). By solely optimizing the
epistemic uncertainty, the optimization process is implicitly constrained to generate
meaningful, unambiguous data.

4.4.3 Experiments

The experiments aim to show the effect of TSynD on the generalization performance
and robustness of classification networks. Since the test and validation sets of avail-
able datasets are often drawn from similar distributions as the training distribution,
the generalization of networks is hard to measure. For that reason, a sub-sampling
of the training dataset to 1% and 10% of the respective datasets is introduced. This
introduces a sampling bias and makes it more likely that the test and validation dis-
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Table 4.4: Comparison between TSynD maximizing mutual information (MI) and Entropy
based on the accuracy values obtained on the validation sets of the respective
datasets.

OrgansMNIST Chest-XRay OCTMNIST
1% 10% 1% 10% 1% 10%

Entropy 73.5 86.0 60.8 67.9 79.5 82.9
MI 68.1 84.1 61.5 68.0 81.6 89.6

tributions contain out-of-distribution data. This also mirrors the common scenario in
medical data, where training datasets are often small. The experiments concentrate
on two main questions: 1) Does the proposed TSynD improve classification results
when training in a low-data setting? 2) Is the training using the proposed approach
more robust, e.g., against random test data augmentations and test time adversarial at-
tacks? To investigate 1) training and evaluation are done using three different settings:
baseline classifier without any additional training time augmentations; augmentation
through random latent space noise during the training (see Section 4.4.2); and train-
ing using TSynD. For research question 2), the three previously trained settings are
used and tested in three scenarios: no test data augmentation; Gaussian noise with
σ = 0.2 added to the test data; and the test data is altered using adversarial attacks
as described in [68].

The datasets used in the experiments are MedMNIST v2 [270] datasets and the
Chest-Xray [241] dataset for classification since they are openly available and suitable
for establishing a baseline. The experiments utilize the commonly used ResNet-18
[71] and DenseNet [82] as classifiers, and a state-of-the-art autoencoder VQ-VAE [51,
174] trained unsupervised on the full training set as the generative model. In each
experiment, the classifier was trained for 100 epochs, and the model with the best
validation performance was selected. The training was repeated three times, and the
averaged values were reported. The TSynD process is influenced by the learning rate
(chosen as 0.1) and the number of iterations (either 100 or 50) for the optimizer to
maximize the epistemic uncertainty. The noise factor that is added to the feature space
is chosen empirically (either 0.1 or 1.0 in the experiments).

4.4.3.1 Classification and Robustness Results

Table 4.3 shows the classification results across different MedMNIST datasets using a
ResNet-18 model to compare baseline training without augmentation, augmentation
with latent space noise (Noise), and TSynD. On the standard test sets, the TSynD
models outperformed the baseline model and even the Noise models in almost all tested
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Figure 4.9: Left: EigenGradCAM maps of the baseline classifier and classifier trained with
TSynD. Right: perturbation of images to minimize the probability of the given
class. Depicted is the difference of the images at the start and end of the mini-
mization.

low-data scenarios. This shows that TSynD is an effective method for training models
that generalize well in such low-data settings. It further shows the advantage of the
targeted optimization-based generation of new samples compared to random sampling.
When Gaussian noise is applied to the test set or introduced adversarial attacks one
can observe that the TSynD models are always better than the baseline models and
even improve over the noise models, as well. This indicates that the samples that
were generated by TSynD made the resulting model more robust against these out-of-
distribution samples.

4.4.3.2 Uncertainty Maximization

Table 4.4 presents an ablation study w.r.t. to the uncertainty that is maximized during
the image generation. Section 4.2.2 introduced the entropy and the mutual information
(MI) as measures for the uncertainty. One can see that the MI performs better than
the entropy. Figure 4.8 on page 112 further shows that the MI introduces more realistic
variation. This also aligns with the theory since entropy is often viewed as a measure
of aleatoric uncertainty, and the MI is viewed as a measure of epistemic uncertainty.
However, the difference between maximizing the MI and the entropy is not large,
indicating that the entropy is not a strict measure of the aleatoric uncertainty, and
the MI is not a strict measure of the epistemic uncertainty. Improving the measure of
epistemic uncertainty could further constrain the image generation process to produce
more meaningful and unambiguous data (see Section 4.2.2).
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4.4.3.3 Qualitative Robustness Evaluation

A classifier is trained on the Chest-Xray [241] dataset with and without TSynD. On
average, an AUC improvement of about 1% is obtained using TSynD on the validation
set (both on the 1% and 10% subsampling of the training dataset). However, this
experiment does not concentrate on performance gain but investigates the robustness
of the proposed training mechanism. The reasoning process of the classifier is explored
by applying a commonly used explanation approach – EigenGradCAM [160]. The
results can be seen on the left-hand side in Figure 4.9. It can be observed that the
classifier trained using TSynD utilizes more relevant regions of the image than the
baseline classifier trained without TSynD. The experiments additionally employed the
synthetic data generation process to create adversarial examples by minimizing class
probabilities instead of maximizing the classifier uncertainty. The magnitude of the
difference between the original reconstruction and the optimized adversarial image can
be seen on the right-hand side of Figure 4.9. One can observe that in order to minimize
the probability for the classifier trained with TSynD, much larger and more relevant
image regions must be altered, further indicating the increased robustness introduced
by TSynD.

4.4.4 Conclusion

This work has shown how to utilize generative models to create synthetic data that ex-
plores unknown and relevant parts of the training distribution. Thus, future directions
could include extending the method to generate new samples that yield high epistemic
uncertainty and are relevant to the training process. The work showed that training on
this synthetic data yields a model that generalizes better to out-of-distribution samples
and is more robust against adversarial attacks.

In the current state, the generation method only augments the samples given. Aug-
menting only existing samples is not ideal from a distribution diversity standpoint. As
a future direction, the method can be extended to generate new samples that yield a
high epistemic uncertainty and are, therefore, relevant to the training process.

4.5 Conclusion and Outlook

The previous Chapters 2 and 3 dealt with the challenges of data collection and labeling.
This chapter showed how synthetic data can be used to alleviate the need for human
intervention in both of these challenges. Human labeling can be reduced since it is
possible to automatically determine the labels for the synthetic data. Given control
over the simulation, rare critical scenarios can be simulated directly. To record such
data in the real world would require large measurement campaigns (c.f. challenge 2 in
Chapter 1).
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This chapter offers two perspectives for generating the training data distributions:
1. using simulation engines like CARLA and 2. using generative models. For scenario
one, this chapter focused on creating methods for selecting the most meaningful images
in a synthetic distribution. Such images have to fulfill three requirements:

• 1. They need to represent information that yields high epistemic uncertainty in the
given discriminative model

• 2. They need to be novel w.r.t. to the already selected images

• 3. They need to be relevant to the given target domain to which the resulting
discriminative model should be applied.

This chapter, therefore, proposed an acquisition function to score the relevance of a
synthetic image w.r.t. these requirements. This work showed that selecting images
according to this function performs better than random selection and that selecting
irrelevant images can even introduce biases during training that reduce performance
on the target domain. Given limited resources for training and image generation,
this research provides an important solution for creating synthetic data in real-world
applications.

For the application of medical image processing, simulation engines are less devel-
oped. In this domain, generative models based on DNNs are more common. These
models are differentiable, which allows for optimizing the generated images w.r.t. to
metrics. This chapter showed how to optimize the generation process to create images
that yield high epistemic uncertainty when processed by a given discriminative model.
This generation process represents an efficient way of creating rare but critical data.

Therefore, this chapter has provided two approaches for the efficient generation of
synthetic data that can alleviate the need for real-world measurement campaigns (c.f.
challenge 2 in Chapter 1). The next chapter investigates how synthetic data from sim-
ulation engines and the abilities of modern generative models to create highly realistic
data can be combined to create large and diverse training distributions. Given such
training data, the next chapter shows how to train discriminative models that gener-
alize to unseen distributions, resulting in state-of-the-art generalization capabilities.
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Chapter 5

Knowledge-Based Optimization of
Synthetic Data for Real-World Domain
Generalization

This chapter is partially derived from my previously published work, specifically "Gen-
eralization by Adaptation: Diffusion-Based Domain Extension for Domain-Generalized
Semantic Segmentation" [171]. Some text, figures, and findings have been re-utilized or
adapted from this publication. Co-Authors of these Publications are Manuel Schwon-
berg, Jan-Aike Termöhlen, Nico M Schmidt and Tim Fingscheidt.

5.1 Introduction and Motivation

Previous chapters explored various strategies for intelligently selecting training distri-
butions from existing measurement campaign data. They discussed methods to reduce
labeling efforts when adapting to new domains and distributions. Additionally, these
chapters demonstrated how leveraging already annotated simulation data can decrease
the need to record real-world data by filling in missing parts of the training distribution.

Therefore, the presented research has approached the challenge of generalization
from multiple angles. These efforts aim to develop discriminative models, such as
semantic segmentation models, that can generalize effectively to novel domains and
distributions. The field of domain generalization focuses on evaluating and developing
methods that enable models trained on a source domain to generalize well to entirely
new domains, including those with unknown sensor data. The domains of application
for trained DNNs are rarely known during the developmental phase. Even if they are
known, carrying out large measurement campaigns to record the relevant data from
these target domains is often challenging. Therefore, active learning or semi-supervised
learning methods can not be directly applied. For the environment perception of self-
driving cars, obtaining data from every relevant location, weather, and lighting scenario
is difficult, and even more importantly, many of the relevant scenarios are unknown.
I.e., since one is unaware of these scenarios, no data can be recorded. Medical image
processing additionally faces the problem of the relevant domains of application not
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being accessible for recording data. This constraint on data access could be due to data
privacy regulations or the release of novel scanner versions. Therefore, the objective of
domain generalization without access to all the relevant target domain data is crucial
in these applications and aligns with the two main challenges introduced in Chapter 1.
Given a network that generalizes well, the need for annotation is reduced, and critical
scenarios that need to be recorded are reduced.

This chapter presents the DIDEX method for extending the original training distri-
butions to develop models that generalize effectively across as many target domains
as possible. DIDEX utilized symbolic knowledge about relevant target domains. Such
knowledge is represented in the form of text, which allows for the utilization of pre-
viously inaccessible sources of information. The result is a distribution of images
representing a good approximation of relevant domains. The DIDEX utilizes this dis-
tribution to train segmentation networks that generalize well without access to sensor
data from these real-world domains (see Figure 5.1 page 122).

5.2 Generalization Without Accessing Real Data

In recent years, the success of deep learning has led to significant advancements in the
field of computer vision, e.g., for semantic segmentation. For this task, the usage of
synthetic data is particularly interesting as manual data labeling is time- and cost-
intensive. Synthetic data can be valuable for training and validation since it allows
the simulation of rare and dangerous events. However, deploying models trained on
synthetic data in real-world settings with varying data distributions is still challeng-
ing due to large domain shifts towards real-world data [169, 233]. One approach to
overcome this problem is by unsupervised domain adaptation (UDA) (c.f. Chapter 3),
where unlabeled data from a real target domain is available to adapt to [9, 74, 109, 150,
165, 166, 226, 256, 267]. Some approaches also perform this task source-free [109] or
in a continual manner [108, 226]. Recently, vision transformer models [44, 255] caused
a significant increase in performance and reduced the domain gap, with DAFormer
[77] being the initial work. All these methods rely on access to target domain data to
adapt to this particular domain. In practice, this data might not always be available
due to various reasons. Data collection can be difficult because, e.g., adverse weather
conditions such as fog, rain, and snow do not constantly occur, and sometimes, the
target domain cannot be anticipated at all. Consequently, the field of domain gen-
eralization (DG) emerged where no data from the target domain is available at all,
and the task is to generalize from only a single, usually synthetic, source domain to
unseen and unknown target domains [6, 88, 117, 175, 180, 275]. Style transfer meth-
ods such as AdaIN [83] are widely used in UDA, especially in combination with other
techniques [74, 244, 252]. These methods cannot be used for domain generalization
since no target domain guidance is available for the style transfer. For this reason,
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the majority of DG methods perform style randomization or augmentation to alter
the visual appearance of the source domain [88, 106, 117, 179, 223, 275]. However,
these methods reveal two major issues. First, many of them require additional real
data from auxiliary domains [88, 106, 117, 179], which disrupts the idea of domain
generalization. Second, the style randomization is difficult to control and often leads
to limited diversity, as mostly only textures are changed.

This work proposes a novel method that tackles the domain generalization problem
by diffusion-based domain extension (DIDEX). Diffusion models have demonstrated
remarkable capabilities in capturing complex distributions and semantics and gener-
ating realistic samples with high quality [39, 72, 190, 214]. The introduced method
not only allows the generation of realistic pseudo-target images from synthetic images
but also alters important parameters such as location, time, weather conditions, and
semantic content via text prompts. The approach uses these capabilities to generate a
realistic-looking pseudo-target domain, as shown in Figure 5.4 on page 126. Diffusion
models have severe limitations in the semantic consistency of the generated output
[287] w.r.t. the input image. To address these limitations, inspiration is drawn from
the field of unsupervised domain adaptation (UDA). In this context, the diffusion data
is defined as the target domain for the adaptation process. The key contributions of
this work are as follows:

• A new method leveraging diffusion models for domain transfer, enhancing the
model’s ability to generalize across domains without accessing real data.

• By utilizing UDA techniques, the semantic inconsistency limitation of diffusion
models is overcome, ensuring improved domain generalization performance.

• The results are reported on common benchmarks, where the method outperforms
the state-of-the-art domain generalization methods by a large margin.

5.3 Domain Generalization: An Overview

Domain generalization methods for semantic segmentation try to overcome the domain
gap by either constraining learned feature distributions or randomizing distributions
by augmentation or extension during training.

Pan et al.proposed IBN-Net [175] as one of the first DG approaches and employed
instance-batch normalization (IBN), which is more robust w.r.t. appearance changes.
Further approaches utilize instance whitening to decorrelate features from different
layer channels, thereby removing style-related information. Pan et al.[176] proposed
an approach that can switch between different whitening and normalization techniques
depending on the task. RobustNet [32], DIRL [261], and SAN+SAW [180] all pro-
posed improvements such as better guidance of the whitening process by a so-called
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Figure 5.1: Simplified representation of different domain distributions and the ef-
fects of domain adaptation and generalization methods. Shown in (a) are the
initial distributions for a source domain DS and two target domains DT1 and
DT2 . In (b), the effect of domain adaptation from DS to a specific target domain
DT1 is shown. In (c), the effect of commonly used domain generalization methods
is shown. These methods broaden the source distribution, e.g., via data augmen-
tation, but in a less directed manner. In (d), the effect of the proposed method
is shown, where a domain extension through the generation of a pseudo-target
domain is performed DPT that also covers the distributions of multiple target do-
mains (DT1 and DT2). For the purpose of clarity, only Q=2 target domains are
shown here. In the remainder of this chapter, by default, Q = 4 target domains
for the evaluation are chosen.

sensitivity-aware prior module [261] or semantic-aware whitening and normalization
[180].

Domain randomization can be separated into approaches that require additional
real-world data (auxiliary domains) and those that do not need it. Yue et al. [275]
proposed one of the first domain randomization methods combining domain random-
ization and pyramid consistency (DRPC), enforcing semantic feature consistency be-
tween differently stylized images with transferred textures from ImageNet. Similarly,
Huang et al. [88] with FSDR employ style randomization in the frequency space, Peng
et al. [179] use painting for their style randomization and WildNet by Lee et al. [117]
applies style randomization in conjunction with contrastive and consistency learning.
Kim et al. [106] utilize style randomization with internet-sampled images and self-
training similar to UDA approaches. In contrast to these methods, the proposed
method can be seen as a more structured distribution randomization without the need
for real-world auxiliary domains.

Only a few works perform style randomization without additional real data. Aug-
Former by Schwonberg et al.[200] showed that simple augmentations can significantly
increase domain generalization. Similarly, Sun et al. [223] proposed a strong style
randomization in the CIELAB color space. Zhong et al. [295] proposed to alter the
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channel-wise mean and standard deviation in an adversarial manner to generate styl-
ized images which are hard to segment for the model. SHADE by Zhao et al. [286]
introduces a style hallucination module based on farthest point sampling and gen-
erates new diverse samples by a linear combination of the basic styles. Bi et al.[6]
proposed CMFormer, the first DG approach tailored towards vision transformers. It
fuses low and original resolution in a so-called content-enhanced mask attention. In
contrast, the approach presented in this chapter is independent of the architecture.
Gong et al.[66] proposed PromptFormer as the first DG approach utilizing diffusion
models. However, their method fundamentally differs from the DIDEX approach since
they employ a diffusion backbone for domain-invariant pre-training, where scene and
category text prompts help the model to disentangle domain-variant and invariant in-
formation. They also employ a consistency loss to enforce the same predictions under
different input prompts.

Diffusion Models: diffusion models for image synthesis recently emerged and out-
perform the established standard using GANs [39]. Several improvements were pro-
posed to accelerate the image generation, namely denoising diffusion probabilistic mod-
els (DDPMs) [72] and denoising diffusion implicit models (DDIMs) [214]. Rombach et
al. proposed latent diffusion models (LDMs), sometimes referred to as stable diffusion
models, which reduce the training and inference time and enable text-to-image and
image-to-image generation. Based on this, several extensions and improvements were
proposed, such as stable diffusion XL (SDXL) [182] or ControlNet [287], which offers
the possibility to constrain the generation process with different additional inputs such
as depth or semantics.

5.4 The DIDEX Approach

Given the capabilities of diffusion models to create controllable data distributions, a
big problem in the previous domain generalization literature can be addressed: the
unknown target domain distributions. Although the general distributions of the target
domain remain unknown, it is reasonable to assume that certain a priori knowledge
about these distributions is known. Given the symbolic control through text prompts
over the outputs of a diffusion model, this a priori knowledge can be utilized to generate
relevant image distributions. This chapter shows how to utilize these distributions to
create networks that generalize well. Figure 5.2 on page 124 shows how to utilize the
generated distributions. The general aim is to train a segmentation model M that
generalizes to the relevant target domains DTq , q ∈ Q = {1, . . . , Q}. As Figure 5.1
indicates, other than with UDA during training, no data from DTq is available. This
chapter shows how to create synthetic data estimating images from DTq utilizing the
properties diffusion models to create images based on symbolic prior information.
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Figure 5.2: Overview showing a block diagram of the diffusion-based domain extension
(DIDEX) method (step 1), followed by the generalization-by-adaptation pro-
cess to the newly generated pseudo-target domain DPT (step 2).

The crucial advantage of diffusion models is the prompt-based control of the gen-
erated image. That enables the definition of the content and style of the generated
images and the creation of a pseudo-target domain DPT. Two different strategies for
the generation of pseudo-target domains are possible. First, a specialized pseudo-
target domain could be created if some information regarding the target domains is
available, such as location, weather, etc. In the presented approach, however, the aim
is to achieve a domain generalization without any assumptions about the target do-
mains and generate DPT with high diversity to cover a wide range of possible target
domain distributions as shown in Figure 5.1 (d). The objective of the generation is to
create a pseudo-target domain, which is the union of all relevant target domains. This
objective is formulated as

DPT ≈
⋃

q∈Q
DTq , (5.1)

where DTq denotes the relevant target domains and Q = 1, ..., Q and Q is the number
of target domains. The domain generalization setting only provides a single source
domain distribution to obtain DPT. The diffusion model is used to extend the initial
source distribution into the more diverse and wider pseudo-target distribution. A
single image of DPT can be obtained by:

xPT
n = Υ(xn, Φn) (5.2)

where Υ denotes the diffusion model and Φn the text prompt and xn is the input image
and n = 1, . . . , Ndata is the index over the images in the dataset. The generated pseudo-
target domain provides the crucial advantage of having a target domain available
that can be used for adapting the segmentation network, as shown in Figure 5.1 (d).
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Figure 5.3: Block diagram of the text prompt generation from Figure 5.2 providing Φn.
The operation in the circles denotes a concatenation. Concatenation of φCUS and
φcon is optional. Class-uniform sampling (CUS) is described in (5.4). The rarest
class in the example histogram On(k) is marked in orange.

Compared to other DG approaches, this is a novel and unique feature of the DIDEX
method and enables obtaining generalization by adaptation.

Semantic consistency: Semantic or structural consistency of the image-to-image
generation is often not given for complex urban street scenes, i.e., pedestrians or cars
can disappear, and the semantic content of the pixels is changed (see Figure 5.4 page
126). Directly using the synthetic labels for the pseudo-target domain is, therefore, not
possible. However, one can assume that a certain structural and semantic consistency
is also beneficial for the adaptation in step two, and for this reason, depth-guided
Stable Diffusion 2.0 [190] and ControlNet [287] are employed, which offer a higher
structural and semantic consistency. Both extend the image generation to

xPT
n = Υ(xn, G(xn), Φn) , (5.3)

where G is a constraint (or guidance) based on the image xn, e.g., by canny edge
extraction, depth, or semantic prediction.

5.4.1 Text Prompt Generation

Text prompts are crucial for the class distribution of the pseudo-target domain since
the prompts determine the style and content of the generated images. There are no
existing strategies for designing text prompts for diffusion models in the context of
complex urban street scenes. For this reason, a new systematic and modular text
prompt generation is developed, which is visualized in Figure 5.3. The text prompt
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Stable
Diffusion 2.0

Stable
Diffusion 2.0

ControlNet

ControlNet

φstartGTA5 Input +φloc+ = “China” +φcon = “winter” +φtfc = “highway” +φcls = All

Figure 5.4: Visualization of the prompt ablation study showing the impact of the
prompt on the images of DPT for ControlNet [287] and SD 2.0 [190]. Each prompt
has a corresponding impact on the content of the generated images. However,
semantic inconsistencies can be seen, such as trees turning into mountains or
buildings that disappear. More examples are provided in the supplement.

strategy aims at varying the image content and style at different levels, introducing
as much diversity as possible into the pseudo-target domain. To design the building
blocks of the prompts, this work considers major causes of real-to-real domain shifts
as guidance.

The start of each prompt is φstart
n = “A high quality photo;” Particularly emphasiz-

ing photorealism with prompts such as "real" or "photorealistic" does not improve the
realism of the output.
The location shift between different countries or continents is important in automated
driving. Therefore, the approach includes a set of different countries and regions to in-
clude their style and content in DP T . The approach concatenates a geographic location
to the start prompt by choosing a location φloc

n ∈ {“Europe”, “Germany”} or a loca-
tion from an extended set φloc+

n ∈ {“Europe”, “Germany”, “USA”, “China”, “India”}.
This set of locations is not globally comprehensive and may have a significant impact
on the domain generalization performance. An extensive study with more regions of
the world can be done in future work to improve generalization. Subsequently, the
approach concatenates a traffic location φtfc

n ∈ {“_”(blank), “highway”, “city”}. The
blank denotes that no traffic location is provided.

Present class prompting: The work utilizes the GTA5 segmentation label map
yDS

n to identify and concatenate all classes that are present in the current image. This
serves as additional guidance on which classes φcls

n ⊆ K (K = {1, ..., K} the set of
classes) the diffusion model should include in the output.

Class-uniform sampling (CUS): Optionally, a class-uniform sampling (CUS) can
be introduced to mitigate the unbalanced class distribution by tracking the number
of times a class occurred in the synthetic source images and concatenating the least
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often seen class to the prompt. For each image with index n, the segmentation labels
from the respective source image are used yDS

n to update a histogram with the class
occurrences On(k). Then, the rarest class name is concatenated to the prompt:

φCUS
n = class(arg min

k∈K
(On(k))). (5.4)

After concatenating the rarest class to the prompt, the counter for this class is in-
creased. This leads to a more uniform class distribution in the domain extension.

Image conditions: Adverse weather or visibility conditions are a challenge for au-
tonomous vehicles. Therefore, these shifts are represented in the pseudo-target domain
by adding one of the following words to the prompt:

φcon
n ∈ {“rain”, “fog/mist”, “snowy”, “sunny”,

“overcast”, “stormy”, “overexposure”,

“underexposure”, “evening”, “morning”,

“night/darkness”, “backlighting”,

“artificial lighting”, “harsh light”,

“dappled light”, “sun flare”, “hazy/haze”,

“spring”, “autuum”, “winter”, “summer”}

By concatenating all the different building blocks, the text prompt is created according
to Figure 5.3 (page 125) as:

Φn = φstart ⌢ (φloc
n ∨ φloc+

n ) ⌢ φtfc ⌢ φCUS ⌢ φcls ⌢ φcon , (5.5)

with ⌢ symbolizing concatenation and φCUS and φcon being optional. The base
prompt is denoted without the optional strings as Φbase

n . A sample prompt can become,
e.g., “A high quality photo; Europe, highway, road, car, building, vegetation, winter”.
If there are multiple options within one of the building blocks, the prompt is selected
randomly. DPT is generated before the adaptation step.

5.4.2 Generalization by Adaptation

Even with strong semantic guidance by depth or the semantic ground truth, the stable
diffusion models generate partially highly inconsistent outputs. However, the area
of unsupervised domain adaptation provides powerful methods that are capable of
handling datasets without labels effectively. These methods are utilized to adapt the
segmentation model towards the pseudo-target domain that was generated in a 1st

step (Section 5.4). UDA methods usually obtain an adapted segmentation model by
UDA(DS ,DT )→MUDA, where DT is usually a real data target domain without labels
and M the domain-adapted model. The DIDEX method changes this setting slightly
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but notably to UDA(DS ,DPT)→MDG, where model M is adapted to the pseudo-
target domain DPT and therefore also generalizes without accessing any real data. In
this case, UDA strategies create this supervision signal by aligning the distributions of
the source DS and pseudo-target domain DPT.

5.5 Experimental Setup

The following introduces the employed datasets, metrics, and diffusion and segmen-
tation network architectures. Afterward, the UDA methods utilized are introduced.

5.5.1 Datasets and Metrics

Datasets: The experiments follow the common domain generalization standard set-
ting [66, 117, 179, 180, 223] and employ the two synthetic datasets SYNTHIA [191]
(SYN) and GTA5 [188] as the source domains. The datasets comprise 9400 and 24966
images, respectively, which are denoted as DSYN

train and DGTA5
train .

To evaluate the domain generalization capabilities, the experiments use Cityscapes
(CS) [36], BDD100k (BDD) [272], Mapillary Vistas (MV)[164] as the real-world target
domains with 500, 1000 and 2000 validation images, respectively. The training sets
of these datasets remain unused in the presented generalization method. All experi-
ments are evaluated on the validation sets Dval of the target domains and compute the
domain generalization (DG) mean over these sets, as is common practice in domain
generalization [88, 180, 275]. Additionally to this domain generalization benchmark,
some experiments include the ACDC dataset [197]. ACDC has 406 validation images,
which contain adverse weather conditions. It is excluded from the DG mean because
most other approaches do not report ACDC performance.

Metrics: For evaluation the mean intersection over union (mIoU) of S = 19 seg-
mentation classes [36, 188, 197] is used for GTA5 trained models and S = 16 classes
for models trained on SYNTHIA, as it is common practice [109].

5.5.2 Network Architectures

Diffusion models: For the data generation process, Stable Diffusion 2.0 (SD2.0) [190]
is utilized as the standard diffusion model. ControlNet [287], which provides several
options to constrain the output generation, is also used for comparison in the ablation
studies. During data creation, the image-to-image prompting strategy described in
Section 5.4 is used. The ablation studies w.r.t. the data generation process that is
described in Section 5.6 analyze the different prompting elements.

Segmentation models: As the network architectures, the common standards in
the area of domain generalization are chosen. The DeepLabV2 [19] architecture with
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Table 5.1: Domain generalization performance (mIoU (%)) of several methods employ-
ing two different encoder networks. Training was performed on the synthetic
GTA5 (DS = DGTA5

train ) dataset. Evaluation is performed on various real-world
validation sets (DT =Dval). Prior work results are either cited from [117] (marked
with ◦) or from the respective paper (marked with *).

Enc. DG Method No
real
data

mIoU (%) on
DCS

val DBDD
val DMV

val
DG

mean

R
es

N
et

Baseline ✓ 36.1 36.6 43.8 38.8
IBN-Net◦ [175] ✓ 37.7 36.7 36.8 37.1
RobustNet◦ [32] ✓ 37.3 38.7 38.1 38.0

DRPC* [275] ✗ 42.5 38.7 38.1 39.8
SW* [176] ✓ 36.1 36.6 32.6 35.1

FSDR* [88] ✗ 44.8 41.2 43.4 43.1
SAN+SAW* [180] ✓ 45.3 41.2 40.8 42.4
WEDGE* [106] ✗ 45.2 41.1 48.1 44.8

GTR* [179] ✗ 43.7 39.6 39.1 40.8
SHADE* [286] ✓ 46.7 43.7 45.5 45.3
WildNet◦ [117] ✗ 45.8 41.7 47.1 44.9
RICA* [223] ✓ 48.0 45.2 46.3 46.5

DIDEX with MIC [80] ✓ 52.4 40.9 49.2 47.5

Tr
an

sf
or

m
er

Baseline ✓ 46.6 45.6 50.1 47.4
ReVT* [227] ✓ 50.0 48.0 52.8 50.3

DAFormer* [77] ✓ 52.7 47.9 54.7 51.7
HRDA* [79] ✓ 57.4 49.1 61.2 55.9

CMFormer* [6] ✓ 55.3 49.9 60.1 55.1
PromptFormer* [66] ✓ 52.0 - - -

DIDEX with MIC [80] ✓ 62.0 54.3 63.0 59.7

a ResNet-101 is used to evaluate the generalization on a CNN-based architecture, and
for the recently emerged vision transformer, the DAFormer [77] network is used.

5.5.3 Employed UDA Methods

Five different state-of-the-art domain adaptation approaches are utilized for the gen-
eralization by adaptation step: DACS [231], DAFormer [77], HRDA [78], MIC [80] and
SePiCo [256]. As described in Section 5.4, these UDA methods are utilized to adapt
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Table 5.2: Domain generalization performance (mIoU (%)) of several methods employ-
ing two different encoder networks. Training was performed on the synthetic
SYNTHIA (DS =DSYN

train) dataset. Evaluation is performed on real-world vali-
dation sets (DT =Dval). Prior work results are either cited from [117] (marked
with ◦) or from the respective paper (marked with *).

Enc. DG Method No
real
data

mIoU (%) on
DCS

val DBDD
val DMV

val
DG

mean

R
es

N
et

Baseline ✓ 34.3 27.8 38.0 33.4
IBN-Net◦ [175] ✓ 34.2 32.6 36.2 34.3
DRPC* [275] ✗ 37.6 34.4 34.1 35.4
SW* [176] ✓ 36.1 36.6 32.6 35.1
FSDR* [88] ✗ 40.8 37.4 39.6 39.3
SAN+SAW* [180] ✓ 40.9 36.0 37.3 38.1
WEDGE* [106] ✗ 40.9 38.1 43.1 40.7
GTR* [179] ✗ 39.7 35.3 36.4 37.1
RICA* [223] ✓ 45.0 36.3 41.6 41.0
DIDEX with MIC [80] ✓ 53.1 41.8 50.3 48.4

Tr
an

sf
or

m
er

Baseline ✓ 41.4 36.2 42.4 40.0
ReVT* [227] ✓ 46.3 40.3 44.8 43.8
CMFormer* [6] ✓ 44.6 33.4 43.3 40.4
PromptFormer* [66] ✓ 49.3 - - -
DIDEX with MIC [80] ✓ 59.8 47.4 59.5 55.6

from the synthetic source domain to the pseudo-target domain. Previous experiments
have shown that the adaptation of UDA methods to other domain shifts can diminish
the performance [197]. In this context, it has to be noted that no finetuning of any hy-
perparameters of the employed UDA methods was done. All the methods are employed
as provided by the respective authors.

5.6 Evaluation and Discussion

This section first compares the DIDEX approach to state-of-the-art domain generaliza-
tion methods. Afterward, the impact of different prompting strategies is investigated
along with UDA approaches, semantic consistency constraints, and the quantity of
generated images.
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5.6.1 Comparison with State of the Art

For GTA5-trained models, for both the ResNet-based and the Transformer-based back-
bones, DIDEX clearly achieves a new state-of-the-art (SOTA) performance for the DG
mean. For the ResNet-based models, DIDEX improves significantly on Cityscapes and
Mapillary. For SYNTHIA-trained models (Table 5.2), the method provides an even
larger improvement. With a ResNet-based backbone, DIDEX outperforms other ap-
proaches by 7.4% absolute for the DG mean and by 11.8% abs. with a transformer
backbone. On Mapillary Vistas, the method provides 14.7% abs. mIoU improve-
ment compared with the best performing prior method [227]. With 59.8% mIoU on
Cityscapes, DIDEX performs competitively with the UDA method DAFormer [77] with
60.9% mIoU without using any real data during training.

5.6.2 Influence of Prompting Strategy

Table 5.3 shows the results of the resulting domain generalization when varying the
prompts w.r.t. location, environment condition, and class-uniform sampling. Overall,
the most important part of the text prompts seems to be the class-uniform sampling
(+φCUS) as it results in the highest domain generalization mIoU. But increasing the
variation in each of the dimensions seems to have a positive effect, although the increase
in performance is rather small for φloc → φloc+ and +φcon. Increasing the variety of
locations has the biggest effect on the performance on the Mapillary Vistas dataset
[164], which consists of images from various locations all over the world.

However, increasing the number of conditions does not increase performance on MV
or ACDC, which are very diverse w.r.t. the conditions. This might be related to the
insufficiently realistic generation of such conditions by the diffusion model or related
to the fact that the HRDA [78] method has difficulties adapting to these conditions.
Finally, one can observe that using all text prompts does not improve over only class-
uniform sampling.

Table 5.3: Influence of the different text prompt building blocks on the generalization
performance (mIoU(%)). Training was performed on the synthetic GTA5 (DS =
DGTA5

train ) dataset. Evaluation is performed on various real-world validation sets
(DT =Dval). The adaptation was performed with the HRDA method [78] and a
transformer-based encoder.

Base Prompt
(Φbase)

Add. Location
(φloc → φloc+)

+ Conditions
(+φcon)

+ CUS
(+φCUS)

mIoU (%) on
DCS

val DBDD
val DMV

val DACDC
val

DG
mean

✓ 58.5 52.2 62.9 46.9 57.9
✓ ✓ 58.7 52.5 63.4 46.7 58.2
✓ ✓ 59.4 52.7 62.7 46.8 58.3
✓ ✓ 61.2 52.5 63.7 48.8 59.1
✓ ✓ ✓ 58.6 51.8 62.8 45.2 57.7
✓ ✓ ✓ 60.1 53.7 63.5 46.6 59.1
✓ ✓ ✓ ✓ 58.8 52.7 63.2 47.4 58.3
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Table 5.4: Influence of DIDEX combined different UDA methods on the generaliza-
tion performance (mIoU(%)). Training was performed on the synthetic GTA5
(DS =DGTA5

train , upper part) or SYNTHIA (DS =DSYN
train, lower part) dataset. Eval-

uation is performed on various real-world validation sets (DT = Dval). Text
prompts comprised the base prompt Φbase and the CUS φCUS. * indicates addi-
tional usage of the masked image consistency loss [80].

Enc.
DIDEX + ... mIoU (%) on

DCS
val DBDD

val DMV
val DACDC

val
DG

mean

D
S

:
G

T
A

5 R
es

N
et

DACS* [231] 46.9 40.0 45.2 31.9 44.0
SePiCo [256] 44.9 36.4 38.8 30.4 40.0
DAFormer* [77] 50.4 41.8 47.1 33.9 46.4
MIC [80] 52.4 40.9 49.2 36.1 47.5

Tr
an

sf
or

m
er DACS* [231] 52.0 49.0 53.7 41.9 51.8

SePiCo [256] 57.4 49.7 56.4 44.5 54.5
DAFormer* [77] 57.7 56.6 60.7 46.4 58.3
MIC [80] 62.0 54.3 63.0 50.1 59.7

D
S

:
SY

N
T

H
IA

R
es

N
et

DACS* [231] 47.5 38.6 41.5 30.1 42.5
SePiCo [256] 43.3 32.6 40.6 27.7 38.8
DAFormer* [77] 49.8 40.0 45.5 33.7 45.1
MIC [80] 53.1 41.8 50.3 33.3 48.4

Tr
an

sf
or

m
er DACS* [231] 52.1 38.4 48.0 36.4 46.2

SePiCo [256] 54.4 45.5 52.3 37.7 50.7
DAFormer* [77] 53.3 44.5 52.3 38.6 50.0
MIC [80] 59.8 47.4 59.5 43.5 55.6

5.6.3 Influence of UDA Approaches

Table 5.4 shows the influence of the UDA approach that is used for the generaliza-
tion by adaptation step to the pseudo-target domain. Recent UDA methods, such as
DAFormer [77] and MIC [80], adapt better to the pseudo-target domain and thus gen-
eralize better across domains. It should be noted that even comparably simple UDA
methods such as DACS [231] obtain a high domain generalization and outperform
previous SOTA methods for SYNTHIA as the source dataset. However, SePiCo [256]
with a ResNet-101 backbone performs worse than the other methods, which might be
caused by the lack of hyperparameter optimization.

132



5.7 Conclusions

1 10 100 1000

50

60

70

m
Io
U

(%
)
o
n
D

T

Adapted to:
Cityscapes (DCS

train)
The Pseudo-Target Domain (DPT

train)

1 10 100 1000
30

35

40

45

1 10 100 1000
45

50

55

60

# of UDA images

m
Io
U

(%
)
o
n
D

T

1 10 100 1000
35

40

45

50

# of UDA images

DT =DCS
val DT =DBDD

val

DT =DMV
val DT =DACDC

val

Figure 5.5: Influence of the # of UDA images (target domain) on the generalization
performance (mIoU (%)). Training was performed on the synthetic GTA5
(DS =DGTA5

train ) dataset. Evaluation is performed on various real-world valida-
tion sets (DT = Dval). DAFormer [77] was used for UDA, and text prompts
comprised only the base prompt Φbase and the CUS block φCUS.

5.6.4 Influence of Image Quantity & Consistency

Figure 5.5 shows the results of randomly sampled subsets of either Cityscapes (purple)
or the pseudo-target domain (orange) used in the UDA approach. For each step,
DAFormer [77] is applied for the adaptation from GTA5 to the subset. One can observe
that the model adapted to Cityscapes is on par with the pseudo-target domain model
on Cityscapes up until a subset size of 29 UDA images but gets increasingly better with
more sampled images. This divergence of performance does, however, not occur for
the other domains (BDD, MV, ACDC), where the models are mostly on par with each
other. This indicates that the increase in performance on Cityscapes is caused by a
specialization of the model to the target domain but does not increase its generalization
capabilities relative to the model adapted to the pseudo-target domain. It further
indicates that the images in the pseudo-target domain are of a similar "functional
quality" for generalizing to other real-world domains as the real-world Cityscapes data.

5.7 Conclusions

This chapter introduced a novel diffusion-based domain extension (DIDEX) method
for domain generalization, which utilizes the generative capabilities of diffusion models.
This method projects the problem of domain generalization to the problem of domain
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adaptation, which opens the possibility of utilizing powerful adaptation methods for
domain generalization. The presented diffusion-based domain extension outperforms
previous state-of-the-art methods by a large margin across datasets and architectures,
with GTA5 as the source dataset by 3.8% abs. mIoU and with SYNTHIA even by 11.8%
abs. mIoU on average. The text prompt ablation study has shown that information
about present classes is beneficial for the pseudo-target domain. A remarkable result
is that the functional quality of the diffusion-generated data for the purpose of domain
generalization is comparable to real Cityscapes data, highlighting the potential of using
diffusion models for domain generalization.

DIDEX addresses the two main challenges introduced in Chapter 1. On the one
hand, it provides efficient data acquisition by employing diffusion models to extend
the training data distribution with functionally valuable synthetic data. Given that
prior knowledge can be used for the targeted generation/ acquisition of data, challenge
2 from Chapter 1 is addressed. On the other hand, DIDEX contributes to challenge
1 from Chapter 1 by introducing strong generalization of the trained discriminative
models to reduce the need for additional labeling. This is especially true since even
the source domain is synthetic.

5.7.1 Outlook

DIDEX is based on a symbolic (text-based) description of image content. This sym-
bolic description comes with two challenges. First, the expressiveness of text-based
descriptions is limited and can be ambiguous regarding the content. Additionally,
failure cases (images) of DNNs are often hard to describe symbolically. For example,
such failure cases often consist of image patterns. Second, the current DIDEX utilizes
prior knowledge about relevant distributions to create the pseudo-target domain. Such
knowledge represents information that is known to be unknown. However, it would
also be important to create parts of the distribution that are not yet known to be
difficult (unknown unknowns). Generative models can generate such images but must
be guided towards creating this information.

The previous chapter (c.f. Section 4.4) presented the TSynD approach. TSynD opti-
mizes the sub-symbolic latent space of a generative model to create unknown unknowns
in the images. The optimization is guided by maximizing the epistemic uncertainty
that the generated image yields when processed by a discriminative model, such as
a classification or segmentation network. This concept can be extended to more ex-
pressive generative models like stable diffusion. Therefore, an interesting extension of
DIDEX is optimizing prompt embeddings to create images that maximize epistemic
uncertainty in the semantic segmentation network.

Finally, UDA needs corresponding source domain samples to adapt the segmenta-
tion model to challenging aspects of DPT. Therefore, parts of DPT remain unutilized.
Employing UDA is necessary due to the semantic inconsistency the generative model
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introduces in the image-to-image use cases. The location of the objects in the gener-
ated image does not stay consistent with the original image. Therefore, the training
can not utilize the label of the source domain image. The DIDEX approach would
benefit from research into creating this semantic consistency in diffusion models. The
semantic consistency would enable the utilization of the original label and, therefore,
the supervised training. Thus, also the most challenging parts of DPT could be used
for training.

Therefore, future research should focus on creating distributions by combining DIDEX
and TSynD and on creating generative models that can create semantically consistent
images corresponding to a label. Such a system would allow supervised training on
meaningful distributions.
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Chapter 6

Summary and Conclusion

Training DNNs that generalize well to novel domains and distributions is challenging.
To generalize, DNNs require large training distributions that are good approximations
of the desired application domains. As introduced in Chapter 1, the creation of such
datasets comes with two main challenges:

1. Annotations are costly: This problem arises due to the large amounts of data
that need to be labeled and the complex nature of the annotation.

2. Data acquisition can be challenging and expensive: Depending on the field
of application, the acquisition process of relevant data is costly, or data privacy
regulations impede it. In most applications, the acquisition processes yield data
that is redundant. Adding value to the training dataset requires annotating data
that is novel w.r.t. the existing distribution.

Therefore, this work tackled these challenges through active learning, semi-supervised
learning, and synthetic data. Chapters 2, 3, 4 and 5 present approaches for efficient an-
notation, unsupervised learning, and the targeted generation of synthetic data. Com-
bined, they can be viewed as a framework that minimizes the need for human effort
to label and record data.

Chapter 2 presented new best practices for active learning while integrating semi-
supervised learning. This work identified the bias of the AL literature toward very
specific scenarios that do not represent most real-world scenarios. Therefore, it con-
tributed an analysis exploring the dimensions of low and high acquisition batch sizes,
low and high diversity in distributions and the integration of SSL. The chapter showed
that batch-based and single-sample acquisition functions are suited to different scenar-
ios and that the effectiveness of integrating semi-supervised learning into AL depends
on the type of distribution and the type of acquisition function. This chapter con-
tributed a new benchmark covering more redundant distributions, a scenario under-
studied by the common benchmarks, to steer AL research in a more realistic direction.
Considering problem 1, this chapter contributes to making the selection of samples for
labeling more efficient. Additionally, it shows an optimal way of integrating SSL to
mitigate human labeling efforts.
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Chapter 3 further addressed problem 1 by focusing on unsupervised domain adapta-
tion, which represents a special case of semi-supervised learning. In UDA, the labeled
set (the source domain) is structurally different from the unlabeled target domain.
This work explored different scenarios, such as real to real domain changes in the en-
vironment perception of self-driving cars (e.g., overcoming a delta between different
countries or weather conditions) or domain changes between different kinds of medical
imaging sensors (OCT gadgets with different features and quality). An important set-
ting was the adaptation from the synthetic to the real world, given that synthetic data
has the attractive property of not needing to be labeled. For all these applications,
the chapter contributed novel approaches and experiments. Furthermore, this work
added a detailed survey that helped to structure the large complexity of this rapidly
growing field. The survey’s discussion of the field identified research gaps, which the
novel approaches of this chapter addressed.

Chapter 4 addressed both problem 1 and 2 by focusing on the targeted creation of
synthetic data. Simulated data comes nearly without the need for manual annotation.
Additionally, one can parameterize the simulation world to create relevant images. This
work introduced a system for generating data representing difficult scenes in a specific
real-world target domain. Such synthetic data allows training a model that generalizes
well to that specific real-world target domain. The presented acquisition function
helps to utilize nondifferentiable simulation engines effectively. The second part of the
chapter showed how to utilize DNN-based generative models to create training data for
applications where simulation engines are rare. Medical image processing represents
such a case. Given the differentiability of these models, the work provided an approach
for guiding the generation process toward generating rare but critical scenarios.

Chapter 5 addresses and utilizes ideas and insights of the previous chapters to
train models that generalize well to many unseen domains. The work presents an
approach that meaningfully augments a given distribution of synthetic data. The
chapter presents the DIDEX approach, which utilizes prior symbolic knowledge about
important distributions to create a pseudo-target domain containing such data. The
approach utilizes the capabilities of modern diffusion models, which are guided by text
prompts to achieve this knowledge-based data generation. The augmentation process
leads to semantic inconsistencies between the ground truth labels and the generated
image, which are overcome by utilizing unsupervised domain adaptation. The chapter
shows that the generated data has a similar functional quality as real images, which in-
dicates that many real-world measurement campaigns could be replaced by approaches
similar to DIDEX.

Given the contributions of this work in the fields of active learning, semi-supervised
learning, and simulation data, several conclusions can be derived that are relevant for
the efficient training of models that generalize well:
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• AL learning methods (image acquisition functions) in most scenarios allow for a
more efficient selection of training data for labeling than random acquisition.

• The choice of the correct acquisition function depends on the distribution of the
unlabeled data and the annotation budget. A redundant distribution introduces
the need for a batch-based acquisition function, i.e., to score the cumulative in-
formation of the selected data. Diverse unlabeled distributions do not have this
requirement. Given a diverse distribution and large annotation budgets, it is best
to utilize acquisition functions that score the images independently of each other.
AL methods often struggle to perform better than random selection for small an-
notation budgets in diverse distributions. Given a small budget and high levels of
redundancy (medical datasets), batch-based acquisition functions should be used.

• The Integration of semi-supervised learning into AL is helpful in reducing the need
for manual annotation further. The SSL allows for training on the part of the data
pool that has not been annotated yet.

• The way SSL integrates into AL depends on the choice of acquisition function.
Redundant datasets favor the integration of batch-based active learning and semi-
supervised learning. SSL propagates the knowledge learned from the training set to
the unlabeled data. Batch-based acquisition represents the unlabeled data better.
Thus, the classifier can generate a supervision signal for the unlabeled data.

• If structural changes exist between the labeled subset (source domain) and the
unlabeled subset (target domain), SSL can unsupervised adapt a given DNN to the
target domain distribution. Such unsupervised domain adaptation (UDA) methods
try to align the distributions of the source and target domain in the input, the
feature, or the output space of the DNN.

• Most of the best-performing methods are complex, which introduces the need for
validation sets that are often missing in real-world applications. The thesis presents
a low-complexity approach that yields almost equal performance to the current state
of the art but is more usable for real-world applications due to its low complexity.

• The thesis presents a novel approach for aligning the distributions of the source
and target domains in the latent space by unsupervised clustering towards the class
centroids of the source domain. The work proved its effectiveness in the driving and
medical domains.

• A critical use case for SSL is the adaptation from synthetic data to real-world data
since the synthetic data does neither require image recording nor labeling. The
adaptation from synthetic data to real-world data should introduce a benefit on the
real-world target domain, i.e. introduce an improved generalization.
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• Given the constraints on memory and training time, synthetic distributions can
not be arbitrary in size. Therefore, this thesis introduces the research question of
constructing an acquisition function for synthetic data.

• The work introduced an approach to creating correspondences for failure cases
recorded in the real world for the application of autonomous vehicles. Such data
can be viewed as known unknowns. The experiments show that such a targeted
generation is crucial since irrelevant synthetic data can create a negative bias when
the trained model is applied in the real world.

• For the application in medical image processing, simulation engines rarely exist,
and the use of generative models is common for generating synthetic data. This
work showed how to formulate the generation of synthetic data as an optimization
process to create images with high epistemic uncertainty. The epistemic uncertainty
indicates whether the generated image is novel w.r.t. the training distribution.
This approach does not require explicit descriptions of the generation goal through
examples and, therefore, is a possibility to create unknown unknowns.

• Finally, the thesis contributes an approach to leverage modern diffusion models
to create training distributions based on symbolic prior knowledge. The presented
DIDEX approach creates data for various target domains without actually accessing
them. The presented work achieved a new state of the art in the competitive domain
generalization benchmark.

• The thesis shows that the data created by the DIDEX approach possesses a similar
functional quality as real-world data. This insight opens up future opportunities to
replace real-world data recording with the targeted utilization of generative foun-
dation models.

Overall, the approaches and analysis presented in this work facilitate reducing the
manual effort for annotation and data acquisition to train DNNs that generalize to
new domains and distributions. Given the recent advent of diffusion models that al-
low for the controlled generation of high-quality data, the potential for future work
in creating synthetic data is probably the largest. The approaches introduced in this
thesis, DIDEX (c.f. Chapter 5) and TSynD (c.f. Chapter 4), can be further developed
to create targeted data that represent missing parts of the distribution. Further devel-
opment of the TSynD approach seems especially interesting since it creates synthetic
data with the same objectives as those used in AL, i.e., high epistemic uncertainty.
Applying this concept to the large expressiveness of diffusion models would lead to the
creation of meaningful training data.

In conclusion, this work has explored active learning, semi-supervised learning, and
synthetic data for adapting and generalizing to new domains and distributions.
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