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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.






Zusammenfassung

Die Fortschritte im Bereich Deep Learning bzw. der tiefen neuronalen Netzwerke
(DNNs) haben eine Vielzahl an Anwendungen erméglicht. Beispiele hierfiir 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 grofle von Menschen annotierte Datenmengen bendotigt.
Durch diese Voraussetzung ergeben sich verschiedene Herausforderungen. Der An-
notierungsprozess ist teuer, was sich durch die erforderliche grofie 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 grofies Prob-
lem. Dies fithrt hdufig zu groflen aufwendigen Messkampagnen. Diese Arbeit fithrt
zundchst Methoden ein, welche die manuelle Annotation effizienter machen, indem
die wertvollsten Daten ausgewéhlt werden. Solche Methoden werden unter dem Be-
griff Active Learning (AL) zusammengefasst. In diesem Zusammenhang wird auch
das uniiberwachte Lernen auf nicht annotierten Daten eingefiihrt, 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 Anwendungsdoménen und Datenverteilungen
generalisieren. Fiir jede der genannten Felder fithrt diese Arbeit dabei neue Ansétze
und Analysen ein. Es wird gezeigt, dass die Wahl des AL Ansatzes stark von den
gegebenen Verteilungen und dem Annotierungsbudget abhidngt. 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 Anwendungsdoménen betrachtet. Dieses Forschungsfeld
wird in seinen Ansdtzen analysiert und reflektiert. Diese Erkenntnisse werden dann
verwendet, um neue Ansétze mit geringer Komplexitét einzufithren. Weiter fiihrt diese
Arbeit Ansétze ein, welche die Generierung von seltenen aber kritischen Ereignissen
ermoglichen und somit den Bedarf fiir die Datenaufnahme reduzieren. In den Kapiteln
wird auf Anwendungen in der Medizin und der Umfeldwahrnehmung eingegangen.
Diese Arbeit triagt also zu neuen Losungen bei, welche die effiziente Generierung
von synthetischen und realen Datensédtzen ermoglichen. Dies erlaubt, Netzwerke zu
trainieren, die gut auf neue Anwendungsdoménen adaptieren und generalisieren.
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Chapter 1

Introduction

1.1 Motivation

The recent advances in computer vision systems have allowed for signi cant 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 classi cation 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 classi cation gained traction
for automatically identifying medical conditions or anatomies in medical image data.
For example, the classi cation of histological images facilitates the identi cation of
pathologies or the segmentation of retinal uids 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 classi cation, object detection, or
semantic (instance) segmentation. Such systems that discriminate between classes are
called discriminative arti cial intelligence (Al) 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., di erent MRT scanners). Therefore, robustness towards these novel
data distributions is crucial in this application, also.
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Figure 1.1: DNNSs 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 e ect 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 eld 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 quali cation of annotators can be lower, the e ort

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 eld
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 compaosition 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
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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 di cult, so data is mainly
produced as a byproduct of hospital and clinical practice operations.

Therefore, this work serves the purpose of taking the rst steps to solve the two prob-
lems (challenges) identi ed. 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 eet, 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 speci cally 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 di cult 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 di erent emphasis on the
challenges. The challenges would be similar, but the importance of the solutions would
be dierent. Since data, generally speaking, is less available, synthetic data, i.e.,
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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 hew 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 di cult 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 di cult problem because the temporal
data of driving scenes is inherently redundant. This means that huge amounts of data
need to be acquired to nd 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
elds,

Active Learning
Semi-Supervised / Unsupervised Learning
Synthetic Data

Active Learning (AL) I 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 e ort, 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 de ne best practices for active learning.

Semi-Supervised Learning (SSL) I 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 di erent 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. l.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 de ned 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 nd 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 e ective 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 classi cation or semantic segmentation is utilized
in the experiments to demonstrate the e ectiveness 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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1.3 Contributions

This work is divided into ve chapters. The next four chapters, "Optimizing Real
Datasets with Active and Semi-Supervised Learning,” "Reducing Manual Annotation
E ort 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, | 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 di erent data domains
(medical, car). The chapter shows that di erent combinations of these dimensions
require di erent 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 eld 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 e orts, the integration of semi-supervised
learning is an interesting extension. This research investigates the integration of
SSL into di erent types of AL functions under the given redundancy and batch size
variations. It also identi es the best combinations and provides theoretical back-
ground for the synergistic e ects observed in the integration of SSL with certain
types of AL functions. The general results of this work are novel best practices for
the eld of active learning and semi-supervised learning. This chapter is derived
from my previously published works, speci cally "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 Classi cation 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 di erent 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 eld of
unsupervised domain adaptation (UDA), and it re ects the current direction of the
eld. This part of the thesis is based on the paper "Survey on Unsupervised Do-
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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 Terméhlen. 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 eld 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 Joérg P. Schéfer, who helped edit the nal 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 e ects 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 Jorg P. Schafer, who helped in editing the nal
paper.

Chapter 4 explores the creation of synthetic data itself. Synthetic data can be
created utilizing di erent 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 speci ¢ target domain.
This content is derived from the previously published work "Synthetic Dataset Ac-
quisition for a Speci ¢ 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 Classi cation”
[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.



Chapter 1 Introduction
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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, speci cally "Generalization by Adaptation: Di usion-
Based Domain Extension for Domain-Generalized Semantic Segmentation™ [171].
Co-authors include Jan-Aike Terméhlen and Manuel Schwonberg, who helped run
the experiments and write and edit the paper.

Chapter 6 provides a summary and re ection 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.



Chapter 2

Optimizing Real Datasets with Active
and Semi-Supervised Learning

This chapter is partially derived from my previously published works, speci cally
"Best Practices in Active Learning for Semantic Segmentation” [158] and "Realistic
Evaluation of Deep Active Learning for Image Classi cation and Semantic Segmenta-
tion"[159]. Some text, gures, and ndings have been re-utilized or adapted from these
publications. Co-Authors of these Publications are Sudhanshu Mittal, Jan Ehrhardt,
Ozguin Cigek, Maxim Tatarchenko, Jorg P. Schafer, Heinz Handels and Thomas Brox.

2.1 Introduction and Motivation

Deep Neural Networks (DNNs) require annotated datasets for training. In the rst
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 eet. 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 e ort. 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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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. Animage's
score re ects 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 de ne 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 signi cant improvement in performance for the

DNN when it is labeled and added to the existing labeled training set. The acquisition
function selects a batch ofb 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 e ort. Therefore, they
provide a solution for the rst challenge identi ed in Chapter 1. This chapter rst 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 di erent 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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Figure 2.2: lllustration 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 topb 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 rst 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

11
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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 themode collapse problem . Intheory, 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 ob 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 theb cluster centers representing the unlabeled data. The
closest samples to the respective 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 e ectiveness, 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 di samples from a pool ofiXyj unla-
beled samples. The number of possible batches that can be selected and hence have to

12
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be scored is given by *Y! . Scoring each of these™Y! 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 e ective. 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 nal score. EQUAL [64] determines the per-pixel
uncertainty based on the consistency of the prediction on the original image and its
horizontally ipped version. The average value over all the pixels is used as the nal
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
classi cation, but it can be easily modi ed 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 e ort. Training supervised
on the labeled subset and parallelly utilizing the unlabeled data pool through unsu-
pervised learning has the same e ect. 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: lllustration 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.

Di erent 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 di culty is to gure out which pseudo-labels are correct and which
must be ignored. The simplest way is to lter according to the classi er uncertainty,
which could, for example, be the con dence 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 di culty 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 o ers 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 classi cation (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.
Datasett Annotation Budggt
Low High
Supervision! AL | SSL-AL | AL | SSL-AL
Diverse 3 3 3 3
Redundant 3 3 3 3

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 bene ts 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 di erent 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 speci ¢ 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 dierent 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],
CamvVid [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 di erent AL approaches
and di erent 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 bis low in these scenarios, so it is important to understand this
parameter's in uence on the di erent 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 o ers annotations for approximately every 10th frame within each
sequence, resulting in signi cant 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 112736, is selected based
on achieving the maximum class balance among the available options.
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