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Abstract

Data-driven computer vision has advanced significantly through machine
learning approaches that do not require extensive feature engineering. How-
ever, deep neural networks can easily produce overconfident predictions
when data during inference are not independent and identically distributed
as the training set. For safety-critical systems like automated driving, neural
networks must accommodate continuously changing input data distribu-
tions, such as the shifting weather conditions that can affect the sensors in
real-world driving situations. Such properties of data-driven methods inhibit
perception models from being deployed in mass-production vehicles, as the
driving functions are mandatory to fulfill the quality requirements according
to safety regulations and technical standards for automotive software devel-
opment. In the automotive industry, the aforementioned driving scenarios
that lead to inappropriate perception results and, by implication, generate un-
desirable driving behavior, are often regarded as corner cases. In these cases,
vehicles equipped with automated driving functions encounter previously
unknown objects or observe abnormal behavior of other traffic participants.
Previous work that aimed at providing taxonomies of corner cases did not
facilitate classifying such scenarios in this particular field of application and
thus solving them. Therefore, this thesis not only strives to provide insights
into defining those safety-critical driving situations from the data perspective
but also to mitigate them efficiently in advance by systematic processes.

Starting with a preliminary study, it demonstrates that utilizing essential data
augmentation methods, which maintain the integrity of the data distribution,
can enhance the robustness of data-driven models, while distorted data for
the training leads to increasing detection errors and, therefore, more corner
cases. With such knowledge, this thesis systematically evaluates the causes
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roots of corner cases in the context of automated driving functions, unveiling
their deep connection to the availability of the data during development.

To mitigate those corner cases without acquiring extensive annotations, ap-
proaches are proposed to better utilize readily available prior knowledge, and
are evaluated to determine how such knowledge can help deep learning-based
image perception systems overcome their limitations dealing with unknown
or underrepresented objects. Current research has not adequately addressed
the concept of class hierarchies despite their natural discriminating proper-
ties connected with object classes. Starting from the object detection task,
leveraging the knowledge learned from some frequent classes also helps to
ensure the generalization ability of the neural networks so that a pre-defined
hierarchical class taxonomy facilitates detecting previously unknown classes
that belong to the same object category. Such a principle also applies to the
segmentation tasks, where hierarchical class taxonomies provide valuable in-
sights into semantic segmentation models dealing with previously unknown
classes that belong to a known object category. With the help of the more ef-
fective feature representations brought by hierarchical taxonomies, learning
a novel class with limited training data for corner case elimination demon-
strates the potential of leveraging such a priori knowledge. Last but not least,
the usage of other publicly available contextual knowledge for efficient do-
main adaptation is demonstrated with lane detection models. The perfor-
mance of adapting a lane detection model to a previously unknown domain
improves significantly while leveraging only meta information from the tar-
get domain.

In summary, this thesis contributes to the systematic understanding of cor-
ner cases for automated driving functions based on the availability of data.
Leveraging contextual knowledge from various sources improves the mod-
els’ capability and helps to proactively mitigate possible task-agnostic corner
cases due to the knowledge gap without acquiring an extensive amount of
data annotation. These observations hold the potential for more robust, reli-
able, and affordable assisted and automated driving systems.
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Kurzfassung

Datengetriebenes maschinelles Sehen hat in dem letzten Jahrzehnt dank neuer
maschineller Lernverfahren, die keine explizite und manuelle Merkmalsent-
wicklung fiir Bilder erfordern, enorme Fortschritte erzielt. Allerdings neigen
tiefe neuronale Netze dazu, unzuverléssige Pradiktionen zu liefern, wenn die
Daten wihrend der Inferenz nicht unabhéngig und identisch verteilt sind wie
die Trainingsdaten. Fiir viele sicherheitskritische Systeme, wie automatisierte
und assistierte Fahrfunktionen, ist es daher essenziell, dass neuronale Netze
in der Lage sind, sich an die kontinuierlich dndernden Eingabedatenvertei-
lungen anzupassen, beispielsweise wechselnde Wetterbedingungen, die die
Fahrzeugsensorik in realen Fahrsituationen beeinflussen konnen.

Solche Eigenschaften erschweren den FEinsatz datengetriebener Wahrneh-
mungsmodellen in Serienfahrzeugen, da die Fahrfunktionen zwingend die
Qualitdtsanforderungen geméifd Sicherheitsvorschriften und technischen
Standards der automobilen Softwareentwicklung erfiillen missen. In der
Automobilindustrie werden die beschriebenen Fahrszenarien, die zu unan-
gemessenen Wahrnehmungsergebnissen und folglich zu unerwiinschtem
Fahrverhalten fiithren, hiufig als Corner Cases bezeichnet. In diesen Fallen
begegnen Fahrzeuge mit automatisierten Fahrfunktionen zuvor unbekannten
Objekten oder beobachten abnormales Verhalten anderer Verkehrsteilneh-
mer. Frithere Arbeiten, die Taxonomien von Corner Cases bereitstellten,
konnen solche Szenarien im spezifischen Anwendungsfeld nicht ausreichend
oder eindeutig genug klassifizieren und somit die Problematik nicht 16sen.
Diese Arbeit verfolgt daher das Ziel, nicht nur Einblicke in die Definition
solcher sicherheitskritischen Fahrsituationen aus datenbezogener Perspek-
tive zu geben, sondern diese auch systematisch im Vorfeld wahrend der
Funktionsentwicklung zu mitigieren.
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Ausgehend von einer Vorstudie in der Arbeit wird gezeigt, dass der Einsatz
wesentlicher Datenaugmentationsmethoden, die die Integritat der Datenver-
teilung in den Datensétzen bewahren, die Robustheit datengetriebener Mo-
delle verbessert, wihrend verzerrte Trainingsdaten zu erhohten Erkennungs-
fehlern und somit potenziell zu mehr Corner Cases fithren. Aufbauend auf
diesem Wissen werden in der Arbeit die Ursachen von Corner Cases im Kon-
text der automatisierten Fahrfunktionen systematisch untersucht und deren
enge Verbindung zur Verfigbarkeit der Datenpunkte wahrend der Entwick-
lung aufgedeckt.

Um Corner Cases ohne umfangreiche manuelle Annotationen zu reduzieren,
werden Ansitze analysiert und vorgeschlagen, die vorhandenes Vorwissen
iiber Objekte und die Fahrumgebung effektiv in den maschinellen Lernpro-
zess zu integrieren. Diese werden zuerst evaluiert, um zu bestimmen, wie
solches Wissen die Wahrnehmungssysteme dabei unterstiitzt, effektiver mit
unbekannten oder unterreprisentierten Objekten umgehen zu konnen. Die
aktuelle Forschung zu maschinellen Lernverfahren in der Bildwahrnehmung
hat das Konzept von Klassenhierarchien trotz ihrer natiirlichen diskriminie-
renden Eigenschaften im Zusammenhang mit Objektklassen bislang unzurei-
chend beriicksichtigt. Ausgehend von der Objekterkennung tragt das Lernen
von haufig aufgetretenen Klassen dazu bei, die Generalisierungsfihigkeit neu-
ronaler Netze zu gewahrleisten, sodass eine vordefinierte hierarchische Klas-
sentaxonomie die Erkennung zuvor unbekannter Klassen derselben Objekt-
kategorie erleichtert.

Dieses Prinzip findet auch bei Segmentierungsaufgaben Anwendung, bei
denen hierarchische Klassentaxonomien wertvolle Erkenntnisse fiir seman-
tische Segmentierungsmodelle liefern, wie diese mit zuvor unbekannten
Klassen innerhalb bekannter Objektkategorien umgehen konnen. Mithilfe
der durch hierarchische Taxonomien verbesserten Merkmalsrepréasenta-
tionen zeigt das Lernen neuer Klassen mit begrenzten Trainingsdaten fiir
die Mitigation von Corner Cases das Potenzial, solches Vorwissen effektiv
zu nutzen. Nicht zuletzt wird der Einsatz weiterer offentlich verfiigbarer
kontextueller Informationen fiir eine effiziente Doménenanpassung anhand
von Spurerkennungsmodellen demonstriert. Die Leistung der Anpassung des
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Modells an eine zuvor unbekannte Doméne verbessert sich signifikant, wenn
lediglich Metainformationen aus der Ziel-Doméne genutzt werden.

Zusammenfassend leistet diese Arbeit einen Beitrag zum systematischen Ver-
standnis von Corner Cases fir automatisierte Fahrfunktionen basierend auf
der Verfiigbarkeit von Daten. Die Nutzung kontextuellen Wissens aus ver-
schiedenen Quellen verbessert die Leistungsfahigkeit der Modelle und unter-
stiitzt die proaktive Mitigation moglicher Aufgaben-agnostischer Corner Ca-
ses, die durch epistemische Unsicherheit entstehen, ohne dass umfangreiche
Datenannotationen erforderlich sind. Diese Erkenntnisse bergen das Poten-
zial fur robustere, zuverldssigere und kostengiinstigere assistierte und auto-
matisierte Fahrsysteme.
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Notation

This chapter introduces the notation and symbols which are used in this thesis.

Numbers and indexing

natural numbers

real numbers

small positive real constant

discrete points in time or step number
indexing for objects, measurements and points
indexing for classes

indexing for pixels in image coordinate

Neural Networks

weight of a neuron
bias of a neuron
activation function
learning rate
momentum

arithmetic mean
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variance
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gradient from the loss function
mapping function of a neural network
network parameters

query matrices in attention mechanism
key matrices in attention mechanism
value matrices in attention mechanism
dimension of keys in attention mechanism
thresholds

weighting parameters

the k-th feature map

class activation map of the class ¢

class score of the class ¢

dataset

input image

label of the image
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number of data samples

set of classes

number of pixels in the image

number of bounding boxes in object detection
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1 Introduction

The main goal of this thesis is to understand the underlying principles behind
frequently discussed corner cases in deep learning-based perception systems.
Subsequent steps involve leveraging contextual knowledge, which obviates
the necessity for manual annotation, to mitigate certain corner cases. Sec-
tions 1.1 and 1.2 give an overview of the recent development of data-driven
automated driving and the latest advancement in understanding corner cases,
while Sec. 1.3 summarizes the main contributions of the work, and Sec. 1.4
outlines the remaining chapters. Although this work primarily focuses on
the data-driven perception module for automated driving, the methodologies
developed and presented are articulated in a generalized manner to enhance
the applicability of the results to a broad spectrum of data-driven applications.

1.1 Data-Driven Automated Driving

In recent years, Advanced Driver Assistance Systems (ADAS) and Automated
Driving (AD) functions have progressed significantly. Approximately 30
years ago, the notion of hands-free driving from coast to coast in the USA
was merely a dream [Pom96], while today there are already robotaxis oper-
ating in certain cities without any safety drivers [Way24, Rob24b], handling
challenging rush hour traffic and dynamic traffic scenes. In addition to the ur-
ban automated driving functions, highway travel is increasingly augmented
by SAE Level 2 systems in many production vehicles [Ebe24, Nor23], where
the driver is obligated to monitor the assisted driving functions for lateral and
longitudinal control of the vehicle at all times. SAE Level 3 systems [Mer21,
Koe23] can take over the driving task under certain conditions and take
responsibility to notify the driver promptly for a takeover when necessary.
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An exemplary sensor setup of such a vehicle capable of assisted driving can
be found in Fig. 1.1. The vehicles with automated driving capability are usu-
ally equipped with sensors from multiple modalities to ensure redundancy,
including cameras, Radio Detection and Ranging (RaDAR) sensors and Light
Detection and Ranging (LiDAR) sensors. In some pre-approved areas, e.g.,
in parking garages, the automated parking function, supported by installed
sensing infrastructure that is able to communicate with the vehicles, can com-
pletely take over the task of finding a suitable space and parking the vehicle
without a driver present, fulfilling the SAE Level 4 requirements [Rob24a].

© Main front-facing camera 2 Narrow front-facing camera
© Side-front cameras 4 Side-rear cameras
© Rear camera 6 Short-range surround cameras

Figure 1.1: Schematic representation of an assisted driving vehicle that relies heavily on visual
perception [Mob24]

One significant factor contributing to the success of integrating those func-
tions into production vehicles is the utilization of data-driven methods. While
hand-engineered features dominated early perception systems for automated
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driving vehicles, ranging from lane detection methods based on color gradi-
ents [Can86, Dud72] to occupancy prediction that relies on stixel representa-
tions [Pfe10, Fra13], recent work leverages a large amount of real-world data
that requires extensive manual annotation for scene understanding. The po-
tential of the data-driven methods was evident in 2015 as the Convolutional
Neural Network (CNN) proposed by He et al. [Hel5] surpassed human ex-
perts for image recognition tasks without explicitly relying on conventional
feature engineering.

Since then, such data-driven methods have been successfully applied to
various perception tasks for automated driving across multiple modalities,
including object detection [Zhu21, Ren15, How17, Liul6, Red16, Red17],
lane detection [Liu2la, Zhe22, Tab21, Wan22b, Hon24], semantic segmen-
tation [Wan23a, Xial8, Guo22], and instance segmentation [Bol19b, Jai23,
Che22]. Furthermore, such a learning-based paradigm has also been utilized
for other downstream tasks in the processing pipeline for automated driving,
with object tracking [Woj17, Cui22, Zha22d], motion prediction [Butl7,
Zho22c, Shi24], and trajectory planning [Kar24, Boj16, Vit22] empowered by
the data-driven solutions. By adopting a modular design of the aforemen-
tioned building blocks, those modules are able to replace the rule-based and
manually engineered subsystems in assisted and automated driving vehicles.
Recent approaches that embrace an end-to-end framework make it possible
to mitigate errors across several modules and demonstrate superior effec-
tiveness over conventional modular designs [Hu23b, Sha23, Jae23, Wan25].
This accelerates the development of data-driven automated driving, because
further improvements can be achieved simply by scaling the amount of data
used for training and validation.

1.2 Corner Cases for Automated Driving

Despite the success of data-driven models for automated driving, there are
discussions and concerns regarding the compliance of the data-driven auto-
mated driving functions with the established safety regulations and technical
standards for automotive software development, e.g., ISO 8800 [ISO24], ISO
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26262 [ISO18], and ISO 21448 [ISO22]. Hasterok et al. [Has21] have defined
systematic development processes for sophisticated machine learning sys-
tems. Furthermore, the quality and variability of the data directly impact the
trained deep neural networks, affecting their generalization ability [Gad24,
Zho23b]. When neural networks receive input data whose distribution devi-
ates (i.e., is out-of-distribution) from that of the training set (in-distribution),
they often become overconfident and produce abnormally high softmax con-
fidences in their predictions [Ngu15]. Consequently, the European Artificial
Intelligence Act (“Al Act”, [Eur21]) that took effect in 2024 imposes stringent
requirements on Al-based solutions regarding the coverage of the datasets
used for training and validation. As an inherently complex system exposed
to dynamic and changing conditions, automated driving functions may still
generate unintended actions. A large number of factors may contribute to the
undesired behavior of the system, including the reliability of the sensors or
actuators, a sudden change in the driving environment, or failure in commu-
nication. For instance, deploying the driving function in unseen regions fre-
quently introduces novel traffic participants and unique traffic signs. Despite
extensive efforts during the initial development of such ADAS and Highly
Automated Driving (HAD) functions, it remains impractical and infeasible to
collect and annotate every possible driving scenario worldwide. In addition,
changes in mobility concepts and means of transportation, which can fre-
quently be observed over a long-term time horizon, also implicitly shift the
distribution of driving surroundings. Such error-prone situations are often
regarded as corner cases in the development of assisted and automated driv-
ing functions.

As required by systematic safety regulations and guidelines, such as ISO
21448, previous work concentrated on classifying and providing taxonomies
of corner cases in automated driving [Bol19a, Bre20, Bog21, Hei21], but did
not sufficiently address the fact that the corner cases are frequently caused by
multiple factors, e.g., hardware properties and data coverage of the training
dataset. For instance, performance degradation of a data-driven computer
vision model in rainy conditions can be explained by the combined factor
caused by domain shifts on the domain level and local outliers impacted by
raindrops on the vehicle’s windscreen [Bre20]. This leads to ambiguities
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concerning when such corner cases are supposed to be mitigated, as some
of those observations are inevitable.

Recent advancements in foundation models with sophisticated pretraining on
large-scale datasets facilitate the analysis of such corner cases [Rad21, Ram21,
Rom22, Ach23, Xia24], where better scalability of the system and automatic
data pipeline incorporating video and language pairs require fewer manual
interventions during the development process. However, as shown in re-
cent research, such foundation models still have limitations and suffer from
hallucination [Liu24, Li23], where the models generate decisions and predic-
tions based on non-existent and non-sensical observations. In such cases, the
erroneous data need to be annotated manually, which is considered inher-
ently costly and requires skilled human annotators to execute the task. For
instance, Cordts et al. [Cor16] claim that annotating a single image for se-
mantic segmentation takes up to 90 minutes with quality control. Moreover,
data exchange across different parties for annotation is subject to data pri-
vacy regulations, e.g., the General Data Protection Regulation (GDPR), Per-
sonal Information Protection Law (PIPL), or California Consumer Privacy Act
(CCPA), that may regulate such exchange process. Consequently, the reliance
on costly data annotation can be significantly reduced by developing models
and methodologies that require fewer human interventions and annotations,
such as utilizing contextual knowledge from specific tasks.

1.3 Contributions

The contributions of this thesis to the field of understanding and mitigating
corner cases with contextual knowledge are summarized as follows:

« As a preliminary study, the importance of data quality is demonstrated by
comparing various postprocessing methods after data recording for image
anonymization. This section is motivated by the fact that Personally Identi-
fiable Information (PII) needs to be stored and analyzed in such a way that
the identity of the person cannot be reconstructed anymore, which makes
the anonymization of human faces and vehicle number plates mandatory
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due to the data protection regulations prior to data exchange. Four fre-
quently used anonymization patterns are compared for semantic segmenta-
tion in combination with diverse image encoders, training resolutions, and
decoder architectures. The results demonstrate a statistically significant
negative impact of image anonymization on segmentation performance.
Based on the observation and analysis, an alternative way of anonymization
that is able to retain the original data distribution is discussed to mitigate
the performance loss. This work was published in the proceedings of the
2022 IEEE Intelligent Vehicles Symposium (IV 2022) [Zho22b].

« A systematic analysis of corner cases is conducted in the context of highly
automated driving. As requested by the rigorous regulations and safety
requirements for automated driving functions, it is essential not only to
identify those critical driving situations, the corner cases, but also to proac-
tively mitigate them during function development by systematic and prov-
able processes. In this work, corner cases are classified according to the
interpretation problems of neural networks that lead to errors, indepen-
dent of the hardware limitations and of risks connected with certain driv-
ing decisions. The interpretation problem is related to the data points that
are available during training and validation, called the development data-
set, unveiling the risks behind each status category of data. Furthermore,
this work reviews existing solutions that can mitigate the corner cases. This
work was published in the proceedings of the 2023 IEEE Intelligent Vehicles
Symposium (IV 2023) [Zho23c].

Critical Error Rate (CER) is proposed as a supplement to existing seman-
tic segmentation metrics. The CER focuses on the error rate, reflecting
predictions that fall outside the defined ground truth category and poten-
tially manifest significant implications. With experiments conducted on
four mainstream datasets, this work demonstrates the prediction robustness
of various image encoders and network architectures measured by the pre-
dicted superclass of the model exposed to covariate shift and novel classes
not encountered during training, showing the importance of creating and
utilizing a high-quality dataset for generalization ability. Last but not least,
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the impact of utilizing use-case relevant class hierarchy is discussed, reveal-
ing the mechanism of the appearance-based optimization. This work was
published in the proceedings of IEEE / CVF Computer Vision and Pattern
Recognition Conference 2023 Workshops (CVPRW 2023) [Zho23b].

An unknown-aware object detection approach is proposed, which incor-
porates class taxonomy as contextual knowledge integrated into the train-
ing of the object detection networks. With the help of a novel classifica-
tion head, the unknown-aware object detector is able to detect both known
classes as well as object classes that were unknown at training time but
share object categories with known classes. The proposed network archi-
tecture is extensively evaluated using a synthetic dataset and a real-world
automated driving dataset. In addition, the impact of different class hierar-
chies on the model’s closed and open set detection performance is discussed.
This work was published in the proceedings of the 26th IEEE Conference on
Intelligent Transportation Systems (ITSC 2023) [Zho23d].

Few-Shot Semantic Segmentation (FSSS) with prior knowledge for challeng-
ing driving scene understanding tasks is evaluated, where the main objec-
tive is to segment a novel class based on limited training samples. Compared
to the previous work that merely concentrated on object-centric datasets,
with a clear differentiation between foreground and background classes,
this work first analyses fundamental differences in properties between com-
monly used FSSS datasets and the driving datasets. Based on the observa-
tions, the integration of the class hierarchy into the meta learning model
during training, utilizing more effective feature extractors and support im-
ages is evaluated on driving scene understanding datasets to demonstrate
the effectiveness. This work was published in the proceedings of the 2024
IEEE Intelligent Vehicles Symposium (IV 2024) [Zho24a].

A Weakly Supervised Domain Adaptation framework for Lane Detection
(WSDAL) is proposed, which requires readily available Number-of-Lanes
(NoL) labels from the target domain to aid the domain adaptation process
for data-driven lane detection models. The proposed framework leverages
the teacher-student network to generate pseudo labels for the lane anchors,
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assisted by an auxiliary segmentation head that ensures the generaliza-
tion ability of the network. The loss function incorporating meta infor-
mation provides beneficial guidance for arbitrary anchor-based lane detec-
tors during domain adaptation. Validated on a wide range of lane detec-
tion datasets covering scenarios from highway driving to urban situations,
WSDAL demonstrates its effectiveness over the unsupervised and fully su-
pervised counterparts. Last but not least, extensive ablation studies varying
the quality of NoL labels suggest that labeling inaccuracies at realistic scales
still yield acceptable adaptation performance. This work was published in
the proceedings of IEEE / CVF Computer Vision and Pattern Recognition
Conference 2024 Workshops (CVPRW 2024) and won the Best Paper Award
of the SAIAD workshop [Zho24b].

1.4 Thesis Outline

As shown in Fig. 1.2, this thesis strives to understand corner cases in the con-
text of assisted and automated driving functions in the first place and mitigate
such corner cases with contextual knowledge that does not require explicit
manual annotations for the downstream tasks. Chapter 2 introduces the fun-
damentals of deep learning, data-driven computer vision, and the commonly
adopted methodology used for maintaining the data-driven models, which
is followed by Ch. 3, which presents the recent advancements in the down-
stream tasks that are related to this thesis, including the efforts that increase
the learning efficiency. As a preliminary study, Ch. 4 contains an initial exper-
iment demonstrating the role of data quality in the performance of semantic
segmentation models, where the image data anonymization may adversely
affect performance due to the absence of critical data. Inspired by the ex-
periment, the relation between corner cases and available data during the
development is further discussed and analyzed in Ch. 5, providing a novel
perspective on classifying corner cases for automated driving from the in-
terpretation problem of the data-driven solutions. As manual annotation of
the raw data is considered expensive, this thesis emphasizes leveraging con-
textual knowledge from known data sources to increase learning efficiency.



1.4 Outline

Chapters 6 and 7, as a central part of this thesis, provide an in-depth analy-
sis of how class hierarchies can be used for out-of-distribution evaluation for
semantic segmentation, for unknown-aware object detection, which aims to
detect previously unknown object classes within the same category and for
few-shot learning to segment a novel class with a limited number of examples.
In addition to class hierarchy, Ch. 8 illustrates the usage of other contextual
knowledge from the driving environment, in this case, the Number-of-Lanes
(NoL), to efficiently adapt the data-driven models to unseen domains.

Chapter 2 Chapter 3
Fundamentals Related Work

Chapter 4
Preliminary study
Data quality & data-driven segmentation performance

Chapter 5
Understanding corner cases for automated driving
A data point of view

Chapter 6 Chapter 7 Chapter 7
Section 7.1 Section 7.2
Unknown-aware Evaluation Few-shot
object detection metric for open semantic
world semantic segmentation
segmentation

Corner case mitigation with class hierarchy as contextual knowledge

Chapter 8
Weakly supervised domain adaptation for lane detection

Corner case mitigation with meta data as contextual knowledge

Chapter 9
Conclusion and Outlook

Figure 1.2: Outline of the thesis with chapter and section numbers indicated






2  Fundamentals

The following chapter provides an overview of the fundamental theoretical el-
ements of data-driven assisted and automated driving functions. Section 2.1
briefly introduces the basic mechanism of deep learning, which makes such a
learning paradigm possible with large amounts of data, while Sec. 2.2 focuses
on two frequently used backbone network types that are specifically widely
used in the computer vision domain that are empowered by the introduced
data-driven methods. In Sec. 2.3, three major downstream tasks that are rel-
evant for assisted and automated driving functions are introduced with the
latest research advancements, and Sec. 2.4 gives an overview of the available
datasets that address driving scene understanding and the metrics used for
quantitative evaluation.

2.1 Deep Learning

Differentiating from classical data analytics, where handcrafted features play
an important role, deep learning learns representations based from large
amounts of data. Inspired by the biological nervous system, McCulloch et al.
[McC43] introduced the single-layer perceptron system, which is considered
as a fundamental building block of modern learning systems. The output y of
the neuron is given by fact(zi w;X; + b), where x; are the inputs, w; and b
are the weights and biases. The output is propagated using a non-linear acti-
vation function f,, for instance, Rectified Linear Unit (ReLU). Subsequently
combining multiple hidden layers in addition to the input and output layers
allows complex non-linear functions to be represented.
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2 Fundamentals

In a supervised learning paradigm, the annotated dataset D that contains N
paired training examples D = {(x;,y;)}\, is used for the optimization of
the network parameters 8. During training, methods are used to derive the
estimate of the gradient of the 6 to minimize the loss function £. Depend-
ing on the learning task, loss functions £ focus mainly on two aspects: Re-
gression and classification. For the regression task, loss functions measure
the disparity between the predicted values y; and the ground truth y;, pre-
sented by Mean Squared Error (MSE) and Mean Absolute Error (MAE) shown
in Eq. (2.1) and Eq. (2.2).

N
1 N
MSE = = > (y; — 9;)? (2.1)
N i=1
L X
MAE = & D lyi = il (2.2)
i=1

For the classification task, Cross-Entropy (CE) loss is commonly used for bi-
nary and multi-class classification tasks:

LN c
Lee=— D2 Vielog(ie), (23)
i=lc=1

where y; . is the one-hot encoded classification vector and p; .. is the predicted
probability that observation i belongs to class c¢. The optimization follows
the scheme of gradient descent, which calculates the gradient g of the entire
dataset D to update the network weights and biases using backpropagation

O = 6,1 —¢g, (2.4)

where € is the learning rate. Such calculation is considered to be computa-
tionally expensive and slow. In addition, the gradient descent also requires
significant memory resources, especially when dealing with large datasets.
Therefore, Stochastic Gradient Descent (SGD) replaces the gradient g with an
expectation g. The expectation may be approximately estimated using a small

12



2.1 Deep Learning

set of samples with a minibatch B’ from the annotated dataset D,

. 1
¢ =3 D Vel (f(x1:6).y1). (2.5)
(x;,y1)eB’

Besides its advantages in memory usage and training efficiency, SGD intro-
duces a degree of randomness that helps networks avoid settling into local
minima. This stochastic nature of SGD enables the exploration of the solution
space more thoroughly, increasing the likelihood of discovering a global min-
imum. Consequently, SGD enhances the model’s generalization performance,
leading to better generalization on unseen data.

To further accelerate gradient vectors in the direction of optimization, mo-
mentum accumulates an exponentially decaying moving average of past gra-
dients to update the parameters using

Uy = aU;_q — €8 (2.6)

O = 6,1ty (2.7)

where the hyperparameter a determines the decay of previous gradients.
Other optimizers like AdaGrad [Duc11], Adam [Kin15] and AdamW [Los19]
help to dynamically adapt hyperparameters during training, like the learning
rate €.

Due to the fact that the network parameters 8 are updated simultaneously
during training, the selection of the learning rate for different layers may be-
come non-trivial as high-order interactions need to be considered when the
neural network exceeds a certain depth. Therefore, batch normalization re-
parameterizes activations after any input or hidden layer from the network

a—u

“ :y<\[02+€0>+ﬁ’

where a small constant €, is added to ensure numerical stability. During train-
ing, the mean u and standard deviation ¢ are derived from each minibatch of

(2.8)

the training dataset. At test time, they are replaced by running averages from

13
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the inference batches. By adding two sets of learnable parameters y and 3,
the original activation can be restored. Batch normalization reduces internal
covariate shifts and ensures that the means and variances of the activations
remain constant, promoting faster convergence and enabling higher learning
rates. In addition to batch normalization, there are other normalization meth-
ods, including layer normalization [Bal6], group normalization [Wu18], and
instance normalization [Uly16].

In order to mitigate the problem of overfitting, regularization methods are
frequently used during training like drop-out, which aims to drop random
sets of the neural units in the network during training and thereby learning
more robust feature representations. Weight decay penalizes large weights in
the model to achieve a simpler and more generalizable model.

2.2 Data-Driven Computer Vision

Starting with LeNet, proposed by LeCun et al. [LeC98], computer vision
tasks have become increasingly data-driven. One essential milestone was the
ILSVRC classification task between 2012 and 2014 [Rus15a], in which convo-
lutional neural networks (CNNs) showed significant performance advantages
over solutions based on classical handcrafted features. This section introduces
convolutional neural networks, along with transformer architectures, which
have shown great success in the Natural Language Processing (NLP) domain,
for data-driven computer vision applications.

14



2.2 Data-Driven Computer Vision

2.2.1 Convolutional Neural Networks

Linear convolution has been an essential part of the classical computer vision
tasks for detecting edges and image smoothing. Mathematically, discrete con-
volution on a two-dimensional space is defined as:

Wi Hy

S(u,v) = Z Z x(i, j)-k(u—i,v—j) (2.9)

i=1j=1
Wy Hy

=3, % xw—i,0— ) ki, j), (2.10)

i=1j=1

where x(u, V) represents the input image, and k(i, j) denotes the convolu-
tional kernel with spatial dimensions Wy X Hy.

In addition, pooling is frequently combined with convolution and activation
layers, which aims to condense the network’s output at a particular location
by summarizing the spatial patches. Pooling creates invariance to small trans-
lations in the image, ensuring that minor input shifts do not significantly alter
the pooled outputs. This makes it useful for tasks where the presence of a fea-
ture is more crucial than its exact position. Such a property thereby enforces a
strong prior that the learned function must be translation invariant. Examples
of pooling operations include max pooling, which selects the maximum value
of the patch, and average pooling, which computes the mean of the values.

Furthermore, downsampling methods, such as stride, are frequently imple-
mented to calculate the full convolution at intervals. Stride refers to the num-
ber of elements skipped. Another critical aspect is padding, which prevents
the representation width from shrinking at the boundary of each layer. Fig-
ure 2.1 illustrates an example of convolution and pooling on an image.
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Figure 2.1: An example of convolutional layer with a input size of 5X 5. The convolutional layer
has two filters of size 3 X 3 with a stride of 2 and padding of 1.

In comparison to fully connected layers, convolution layers — encompassing
core operations such as convolutions, stride, padding, and activation functions
— demonstrate their advantages with three essential principles [Goo16]:

1 Sparse interactions reduce the number of parameters as well as the
needed computational resources. Convolutional networks employ ker-
nels that are smaller than the input images.

2 Parameter sharing enhances efficiency by reusing the same set of pa-
rameters across different input regions. This can be explained by the
fact that some visual features like edges are universally applicable for
understanding the images.

3 Equivariant representation is advantageous when detecting consis-
tent features across different locations, especially, the same set of pa-
rameters applies uniformly across the entire input. Translation in the
input images leads to the same output shift from the convolutional neu-
ral networks.

Starting from AlexNet [Kri12], the subsequent work of CNN concentrates on
utilizing deeper convolutional layers with relatively small receptive fields to
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reduce the number of parameters, like VGGNet [Sim15]. With Inception-
v2 [Szel6], normalization methods like batch normalization are introduced
in the network architecture. In 2015, He et al. [He16] introduced ResNet with
residual blocks to address the vanishing gradient problem via skip connec-
tions. The proposed network architecture contains configurations with var-
ious numbers of layers, containing 18-layer, 50-layer, and 101-layer config-
urations, which are used in this thesis. Geirhos et al. [Geil19] exploited the
split-transform-merge strategy for the ResNext architecture, allowing multi-
ple sets of transformations to be aggregated based on ResNet. Research also
shows that CNNs are texture-biased and have a strong inductive bias with a
hierarchical structure [Zeil4, Geil9].

2.2.2 Vision Transformer

Transformers, originally designed for natural language processing [Vas17,
Dev19, Bro20], have been adapted for various computer vision tasks [Dos21,
Liu21b, Xie21]. The architecture of CNNs shows that it is challenging to
capture long-range feature relations, making them less effective for long se-
quences.

To overcome this limitation, the central component of transformer models is
the self-attention mechanism [Vas17], which enables each element of an input
sequence to attend to other elements from the sequence. Self-attention com-
putes a set of attention weights denoting the importance of other elements.
The attention mechanism is given by:

. QKT
Attention(Q, K, V) = softmax = v, (2.11)
k

where Q, K, and V denote the query, key, and value matrices, respectively,
and dj, is the dimension of the keys.

Specifically, for the Vision Transformers (ViTs), the input image is split
into patches, and their relative position is fed into the self-attention mod-
ules as position embeddings [Dos21]. ViTs exhibit a weaker image-specific
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inductive bias compared to CNNs. In CNNs, properties such as locality,
two-dimensional neighborhood structures, and translation equivariance are
inherently embedded within each layer throughout the entire architecture.
Such neighborhood structure is minimally utilized in the ViT, initially when
the image is segmented into patches and subsequently during fine-tuning
process for modifying the position embeddings corresponding to images of
differing resolutions. Conversely, in the Vision Transformer, only the MLP
layers exhibit local and translationally equivariant characteristics, whereas
the self-attention layers operate on a global scale. Due to the reduced in-
ductive bias, ViT models are more data-hungry than CNNs. They show their
advantages only when trained on a large-scale dataset, for instance, the
JFT300M [Tou21]. Recent advancements have concentrated on integrating
convolutional layers with transformer encoders for hybrid models, modifying
the architecture to cope with tasks that require dense prediction, e.g., semantic
segmentation, and training data-efficient image transformers [dAs21, Has23].

Recent research also suggests that transformers exhibit greater resilience
than CNNs when exposed to out-of-distribution samples [Zha22a, Li22a] or
adversarial attacks [Nas21, Pau22]. However, if a similar training setup is
applied, transformers have not been shown to be more robust than CNNs,
although their operating mechanisms are vastly dissimilar with different
focuses [Bai21, Wan23c, Nas21]. There are CNN-based image encoder
architectures that are heavily inspired by the vision transformers, like Con-
vNeXt [Liu22b] and SegNeXt [Guo22], featuring modified block setups,
a patchified stem, large kernel sizes and different normalization layers.
With approaches like shifted window, Swin transformer is able to perform
efficient local self-attention that scales linearly with the size of the input
image [Liu21b].

2.3 Perception Tasks for Automated Driving

This section delineates three pivotal perception tasks for assisted and au-
tomated driving functions: Object detection, lane detection, and semantic
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segmentation. For each of these tasks, two key facets are explored: An ab-
stract description of the task and a comprehensive summary of the state-of-
the-art research relevant to that task. In this thesis, RGB images, denoted
x € RIXWX3 \where H and W are the height and width of the RGB image,
are used as input of the neural networks. Paired images x € X and their
corresponding ground truth annotations y € Y are used to learn the mapping
functions ¢ that contain the parameters 6 of each neural network.

2.3.1 Object Detection
Problem Description

Object detection models aim to localize and classify objects of interest given
an RGB image input. The primary task is to learn parameters 8 for a mapping
function ¢¢ that predicts bounding boxes and class labels for objects from a
predefined closed set of classes in the image.

Let y = {by,b,, ..., by, } be the set of bounding boxes with length |y| = Ny,
where each bounding box b; is represented by two essential elements: A class
label ¢ and a geometric vector I that contains the horizontal and vertical co-
ordinate of the bounding box center and the height and width of the object,
shown as I; = (u;, v;, w;, h;). To simplify the problem, it is assumed that the
prediction y and the ground truth y are associated. The learning objective
can be formulated as a combination of localization that can be regarded as
a regression task using L; or L, distance and classification loss that can be
trained with cross-entropy loss:

Lod(y9 .)3) = Z [Lcls(cia él) + wODi:loc(li’ z\l)] s (212)
i

where wqgp is a hyperparameter that balances the contribution of localization
and classification losses.
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Current Research

Three major learning paradigms are used in the development of object de-
tection models. Presented by the Faster R-CNN model [Ren15], the object
detection task is divided into two subtasks, known as two-stage models, con-
taining object localization using a Region Proposal Network (RPN) and the
classification head. RPN outputs a series of object proposals containing ob-
jectness scores based on predefined anchor boxes, which are the input for the
second step, where the localization and classification of the object instances
are finalized. While two-stage approaches demonstrate strong performance,
their prolonged inference time is regarded as a key limitation. To address
this, one-stage models, e.g., YOLO [Red16, Red17, Red18, Boc20] and Single
Shot Detector (SSD) [Liul6], are proposed to abstract such detection systems
within a single convolutional neural network based on predefined grids or an-
chor boxes that provide tradeoffs between inference speed and network per-
formance. With the help of compact, lightweight backbones [How17, San18,
How19], the model is able to run considerably faster to ensure edge pro-
cessing. It is worth noting that the single- and two-stage detectors still rely
on manually crafted operations like Non-Maximum-Suppression to mitigate
overlapping predictions about the same object. In addition, hyperparameters
like detection thresholds and the number of anchors during training also play
an essential role in the performance of the model.

In comparison, the latest transformer-based models like Detection Trans-
former (DETR) usually comprise a CNN backbone to extract features from the
input image, a transformer encoder-decoder module with parallel decoding,
and MLP-based prediction heads [Car20]. As introduced in Sec. 2.2, the ex-
tracted feature representations are fed into the transformer encoder-decoder
architecture for global correlation of the image parts. The feed-forward
network utilizes decoder outputs to directly produce detection of object
instances that can be trained end-to-end and do not rely on manually crafted
hyperparameters. Models like Deformable DETR further developed the
transformer-based decoder architecture by improving spatial attention in
the transformer modules [Zhu21], which improved convergence speed,
computational efficiency, and performance on smaller objects.
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2.3.2 Semantic Segmentation
Problem Description

For each pixel in a given image X, one class ¢ from the predefined object class
set C is assigned in the task of semantic segmentation. The task aims to learn
a posterior probability mapping ¢y : X = REXW>3 sy = REXWXIC| Eor
a total of N, pixels in the image, where N, = H X W, a cross-entropy loss
is calculated as:

Np |e|
N 1 & N
Lceg(y,P) = N Z Z Vielog(Die). (2.13)

P i=1c=1
Current Research

Since the introduction of the Fully Convolutional Network (FCN) [Lon15],
CNN s have achieved significant success, becoming the preferred architecture
for semantic segmentation. In the deep learning era, segmentation model
architectures are typically bifurcated into encoder and decoder components.
It is common practice for encoders to employ established classification net-
works, such as ResNet, ResNeXt [Xiel7], and DenseNet [Hua17], rather than
designing bespoke architectures, as introduced in Sec. 2.2. Nevertheless,
semantic segmentation involves dense prediction tasks, distinguishing it
from image classification. Therefore, improvements observed in classification
networks may not directly translate to the more complex segmentation
tasks. Consequently, specialized decoders have emerged, like the Atrous
Spatial Pyramid Pooling (ASPP) head from DeepLabv3Plus (DLv3+) [Che18],
the Unified Perceptual Parsing Network (UPerNet) decoder head [Xial8],
HRNet [Wan20b], SegFormer [Xie21], and HRFormer [Yua21]. Working in
tandem with encoders, the decoder component plays a crucial role in refining
segmentation outcomes. Various decoders are designed to meet distinct
objectives, including achieving and expanding multi-scale receptive fields,
aggregating multi-scale semantic information, enhancing edge features,
and capturing global context. Recently, methods based on transformers have
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demonstrated substantial potential, surpassing the performance of traditional
CNN-based approaches [Liu21b, Xie21, Yua21].

2.3.3 Lane Detection
Problem Description

Anchor-based lane detection aims to achieve the task of taking the input im-
age x for the mapping ¢g to the lane prediction y € RN+*L where N, denotes
the number of lane anchors, i.e., the maximum number of possible lane predic-
tions, and L the dimension of the lane description vector [ = [l(l) ) e l(L)].
Here, | contains L — 2 elements [V ... 1€=2) describing the lane position as
coordinates, and two elements [L~D, [D) for “foreground” and “background”
respectively, indicating whether the particular lane likely exists or not.

Current Research

Before deep learning methods were applied, lane detection relied heavily on
handcrafted features [Low04, Can86], which contain pre-processing, feature
extraction, and curve fitting [Tan21, Zha22e]. Pre-processing is used to re-
move undesired interference from the image [Chal4, Yan18, Yan19]. Edge
detection algorithms were then applied for lane feature extraction, such as
Sobel [Mu14], Canny [Wu14], SIFT [Yan19], and Hough transform [Niu16]. In
the era of data-driven lane detection, the most commonly used models can be
categorized into segmentation-based and anchor-based detectors. The vanilla
approach treats lane detection as a segmentation task. With LaneNet [Nev18],
the lane detection task was accomplished by utilizing two lane segmenta-
tion branches for foreground segmentation and identifying the lane instances.
Then, a transformation matrix projected the segmentation maps into the bird’s
eye view. Further improvements like SCNN [Pan18b] and RESA [Zhe21] uti-
lized spatial CNNs and added multi-stride connections, facilitating perception
of continuous structures. There are also experiments [Xu20] that leveraged
AutoML to explore and optimize the model structure for lane detection mod-
els. Liu et al. [Liu20a] utilized a style transfer model to enrich the training set

22



2.4 Datasets and Evaluation

and introduced a second branch that predicts the existence of a lane based on
pixel-level ground truth.

Line-CNN [Li20a] introduces the line anchor in lane detection. Similar to box
anchors in object detection, anchors extract feature representations to consti-
tute anchor features, which are used for final prediction. LaneATT [Tab21]
extracts local feature maps to form anchor local features. With the help of
an attention mechanism, a global feature vector is aggregated to deal with
the sparse property of the lane detection task. SGNet [Su21] utilizes prior
information like vanishing point and lane information to improve perfor-
mance. As a row anchor-based method [Qin20], it predicts the probable cell
for each predefined row on images. CondLaneNet [Liu21a] further improves
row anchor-based lane detection by learning a heatmap of possible starting
points of the lanes as prior information. Similar to many two-stage object
detection models, CLRNet [Zhe22] adopts learnable anchor parameters for
the regression tasks and the detection head makes predictions for each ten-
sor. CLRerNet [Hon24] further improves the performance by optimizing the
similarity cost to align the confidence score with the IoU score.

2.4 Datasets and Evaluation
2.4.1 Datasets for Driving Scene Understanding

Cityscapes: Cityscapes [Cor16] is one of the first semantic segmentation
datasets for urban scene understanding. The dataset contains 25000 images
captured from European cities in clear weather conditions during the daytime.
Frequently, 19 classes are included in the annotation emphasizing static and
dynamic objects in the city.

ACDC: ACDC [Sak21] shares the annotation space with the Cityscapes data-
set but was recorded in Switzerland under challenging conditions like fog,
night, rain, and snow. The dataset with 4006 images is typically used to
evaluate the robustness of the models, domain adaptation, and generaliza-
tion ability.
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BDD100k: BDD100k [Yu20] contains 100 000 images with various annota-
tions, recorded in diverse weather and lighting conditions across the United
States, covering different road types. For the task of semantic segmentation,
there are 10 000 annotated frames. The dataset shares the annotation policy
with the Cityscapes dataset.

A2D2: A2D2 [Gey20] is a diverse dataset from Audi with semantic segmen-
tation, object detection, and lane detection annotations that were recorded in
several German cities. The dataset also provides high-quality data annotation
from multiple modalities. For semantic segmentation, 41 280 frames are an-
notated with high label granularity, which makes the comparison between
different datasets possible.

Mapillary: Mapillary [Neu17] includes 25 000 images from diverse training
situations in various weather and lighting conditions around the world. Ac-
cording to the annotation policy (v1.2), 66 classes are available from 9 cate-
gories for semantic segmentation.

nulmages: nulmages [Cae20] contains driving scenes in diverse conditions,
primarily from locations in Boston, USA, and Singapore. A total of 93 000 im-
ages are selected based on the focus on rare classes. The annotated images
include rain, snow, and nighttime. In addition, the dataset provides past and
future camera images of the annotated frames for the investigation of tem-
poral dynamics. The class hierarchies of the aforementioned datasets can be
found in Ch. B.

TuSimple: TuSimple [TuS17] is a lane dataset focusing on highway scenarios
collected in the United States containing around 6 000 images. The dataset is
relatively homogeneous as the data were collected under good and moderate
weather conditions and only covers highways.

CULane: CULane [Pan18b] is a large-scale lane dataset that contains diverse
driving situations in Beijing with 133 235 frames. In addition to normal sce-
narios, there are eight challenging subsets, including traffic jams, nights, and
intersections, which account for 72.3% of the entire dataset. When lanes are
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occluded, the labels are assigned manually by the human annotator accord-
ing to the context.

CurveLanes: CurveLanes [Xu20] is a large-scale lane detection dataset with
150 000 images for complex driving scenarios and up to 14 lanes per image.
Like the CULane dataset, it was collected in China with high urban bias. Be-
sides that, this dataset also concentrates on curved lane markings that differ
from the natural curvature distribution from other datasets.

2.4.2 FEvaluation Metrics

Evaluation metrics are essential for quantitative comparison of the model per-
formance. This section elaborates on the evaluation metrics employed in the
three computer vision tasks: object detection, semantic segmentation, and
lane detection.

Despite differences in the tasks, these evaluation metrics share some common
properties and definitions of base elements. Starting with multi-class image
classification, each element M; j from the confusion matrix M, which has a
dimension of |C|X|C|, represents the number of predictions of the class-i from
the neural network that belong to the ground truth of class-j. Therefore, the
number of True Positive (TP) predictions for class ¢ is given by M ., and the
number of False Positive (FP) predictions is defined by:

€]
FP. = ) M,; — TP.. (2.14)
i=1
Similarly, the number of False Negative (FN) predictions is defined by:
€|

FN, = > M; . — TP. (2.15)
i=1
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To measure the proportion of true positive predictions among the total num-
ber of positive predictions made by the model, precision is frequently used

TP

Precision = TP 1P

(2.16)
Recall, on the other hand, measures the proportion of true positive predictions
among all actual positive instances:

TP

Recall = m

(2.17)
To combine the two metrics, in the binary classification task, the F;-score is
also frequently used:

2

FI = . 1 1 (218)
Precision” = + Recall

Detection Tasks

As object detection aims first to locate and then identify object instances
within an image, it involves the localization of the proposed bounding boxes
in addition to the classification of the object. In order to measure the over-
lapping area of the ground truth and prediction bounding boxes, Intersection
over Union (IoU) is frequently used:

Area of Overlap

IoU = (2.19)

Area of Union

Based on various IoU thresholds, an evaluation scheme from the COCO data-
set for object detection is usually adopted. The average precision value of ten
different IoU scores from 0.5 to 0.95 with a step size 0.05 is calculated. This is
frequently noted as AP@][.5 : .95] or Average Precision (AP). Similarly, such
IoU thresholds can also be applied to Recall values that lead to the Average
Recall (AR). The mean Average Precision (mAP) is the averaged AP over all
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the object classes, noted as

1

mAP = —
el &

AP... (2.20)

In other datasets, e.g., Pascal VOC, AP is calculated as the area under the
interpolated precision-recall curve based on different recall levels in an as-
cending order.

Segmentation Tasks

Semantic segmentation can be seen as an image classification task on each
pixel of the image. The evaluation scheme is similar to the image classifica-
tion task that can be evaluated by accuracy, which is defined as the ratio of
correctly classified pixels to the total number of pixels:

zcee MC,C

el <€l
i=1 4 j=1 M;,;

Accuracy = (2.21)

However, accuracy treats all classes equally and does not account for the dif-
ferent distributions of classes. A model might achieve high accuracy through
high performance on the dominant classes in the images, e.g., Sky, while ne-
glecting small objects and rare classes.

IoU further addresses the false positive predictions by calculating

TP,

U, = ———¢
OY¢ = Tp, + FP, + N,

(2.22)

of each class c. The mean IoU is the average IoU value of all the available
classes

]

1
mloU = @ > ToU.. (2.23)
c=1
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Therefore, the metric IoU is widely used to evaluate semantic segmentation
models across all datasets, e.g., Cityscapes, Mapillary, and A2D2.

Lane Detection

Lane detection can be regarded both as a detection task, with true positives
identified based on a predefined IoU threshold, and as a segmentation task,
where lane markings are annotated at the pixel level. The concrete evaluation
scheme is defined, therefore, based on the datasets.

For the TuSimple dataset, the quality of lane detection is determined by
evaluating sampled points with given vertical distances from the image
(v-direction). A lane point prediction is deemed accurate if the horizontal
distance (u-direction) between the ground truth and predicted lane points is
less than 20 pixels. A True positive is recorded for a lane prediction if over
85% of the lane points are correctly predicted. Metrics such as False Positive
Rate (FPR), False Negative Rate (FNR), and accuracy are complemented by
reporting the F1-score.

For the CULane dataset, a prediction qualifies as a true positive when dilated
lane detections have an IoU above a predefined threshold with the ground
truth. F1-scores for individual subsets, showing specific driving situations, as
well as the entire dataset are reported. Notably, according to the annotation
policy, the false positive count is reported for the cross subset as there should
be no lane markings at junctions. Similarly, such an evaluation scheme is
also utilized in the CurveLanes dataset, where F1-scores, Precision, and Recall
values are calculated based on predefined IoU thresholds.
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This chapter aims to introduce related work addressing the corner cases from
three major aspects. Section 3.1 gives an overview of defining and interpret-
ing corner cases in the context of assisted and automated driving functions,
followed by Sec. 3.2, where three aspects of robust scene interpretation are
discussed: Disturbances from the training datasets, the appearance of novel
object instances, and understanding the reasoning behind network predic-
tions. Finally, Sec. 3.3 elaborates on data-efficient methods that are used for
adapting existing data-driven methods to deal with previously unknown sit-
uations, e.g., domain adaptation, weakly-supervised learning, utilizing class
hierarchy, and few-shot segmentation.

3.1 Corner Cases in assisted and automated
driving functions

Due to the nature of closed set setup that was introduced in Sec. 2.3, the long-
tail problem is considered to be closely related to corner cases, where the dif-
ficulty of detecting and interpreting rare or infrequent objects and scenarios
is addressed. For instance, while common entities such as cars and pedestri-
ans are abundantly represented in training datasets, many critical yet scarce
cases, including atypical vehicle classes, uncommon weather conditions, and
seldom encountered road signs, are underrepresented. This class imbalance
hampers the performance of detection and segmentation models on those rare
instances, which are essential for ensuring safe automated driving functions.
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Bolte et al. [Bol19a] started the discussion for the enhancement and further
development of automated driving functions through the detection of cor-
ner cases, which were defined as a non-predictable relevant object/class in a
relevant location. It is claimed that such corner cases must be technically
unpredictable for certain classes. Based on an ontology, Breitenstein et al.
[Bre20] proposed a systematical definition regarding corner cases, which are
classified into five main categories sorted by complexity, from pixel level that
addresses the sensor level to scenario level that addresses specific patterns
across multiple frames. Similarly, Bogdoll et al. [Bog21] characterized that
the corner cases occur when the machine learning model reaches its limit
due to epistemic uncertainty. Heidecker et al. [Hei21] further expanded the
definition from Breitenstein et al. [Bre20], encompassing additional sensing
modalities from RaDAR and LiDAR. They classified corner cases into four cat-
egories: Sensor layer, content layer, temporal layer, and method layer. Pfeil
et al. [Pfe22] stated that the corner cases are atypical, rare scenarios that are
of high interest and segmented corner cases based on their causes into envi-
ronmental factors, functional constraints, and system-internal conditions. The
aforementioned research emphasizes the technical relation from corner cases
to outliers, anomalies, and novelties.

The interpretation of corner cases is frequently contingent upon specific use
cases in the context of automated driving functions. Probability of Occurrence
is frequently used to determine whether a particular incident is considered
a corner case. For instance, Ries et al. [Rie19] categorized rare driving sce-
narios as corner cases. Kishore et al. [Kis21] treated corner cases similarly
to long-tail problems, identifying underrepresented incidents and generat-
ing synthetic data via imitation learning methods. Similar to Heidecker et
al. [Hei21], Moller et al. [Mo6l21] deemed corner cases as rare but predomi-
nantly highly critical. They also leveraged the detection of erroneous outputs
from neural networks to indicate corner cases.

Chou et al. [Cho18] evaluated corner cases in the context of trajectory gen-
eration. They defined corner cases as events where input signals result in
trajectories violating safety regulations but are avoidable beforehand. Pei et
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al. [Peil7] treated the erroneous driving behavior of neural networks for end-
to-end driving as corner cases. Ouyang et al. [Ouy21] defined corner cases as
data points where the output of a deep learning function is easily affected by
perturbations in the surrounding area.

3.2 Robust Scene Interpretation

Building on the understanding of corner cases in the context of automated
driving functions, this section addresses the challenge of achieving robust
scene interpretation by investigating three interrelated research areas. First,
the generalization capability of deep neural networks is examined, aiming to
reduce performance degradation on previously unseen scenes. Open set ob-
ject detection aims to enable models to recognize and appropriately handle
classes that are sparsely represented or entirely absent from the training dis-
tribution. Furthermore, model interpretability techniques are introduced to
promote a more transparent decision making process, thereby enabling the
assessment of the trustworthiness of model outputs.

3.2.1 Robustness of Neural Networks

The robustness of the neural networks is examined through two distinct, de-
coupled dimensions. First, the methodological design of the models that con-
tributes to the system’s stability under perturbations is examined. In addition,
the frequently overlooked characteristics of the training data are introduced
and addressed, which directly influence the model’s capacity to generalize.

Methodology

It is shown that achieving high accuracy in training datasets while ensur-
ing substantial invariance to perturbations during inference remains chal-
lenging [Ta020, Sze14, Geil8]. For computer vision tasks, the presence of in-
put image corruptions notably degrades the performance of neural networks,
subsequently revealing vulnerabilities that may be exploited for adversarial
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attacks [Hen19, Kam20, Yan23a]. This aspect, however, is beyond the scope
of the present thesis.

For robustness evaluation, models are often trained on a source dataset with-
out disturbances and subsequently tested in a zero-shot manner on other
datasets containing corrupted images or out-of-distribution samples with-
out any adaptation [Hen19, Hen21]. Recent studies indicate that specific
architectural properties affect network robustness [Kam20], implying opti-
mal network performance is contingent upon noise- and blur-free input im-
ages. Similar observations have been made in contexts such as LiDAR detec-
tion [Hah22], navigation tasks [Liu21c], and semantic segmentation [Yan23a].
As introduced in Sec. 2.2, models based on transformer architectures have
demonstrated state-of-the-art performance across various machine learning
domains [Bai21, Pau22], coupled with enhanced robustness against sensor
artifacts [Bho21].

On the other hand, the robustness of neural networks is related to learning
generalized feature representations from the source dataset, which enables the
handling of varying data distributions during inference, called Domain Gen-
eralization (DG). Current research of DG predominantly focuses on the task of
image classification [Shu21, Ghil5], with work that concentrates on seman-
tic segmentation [Pan18a, Cho21, Pan19, Pen21, Che20a, Hua21a]. To fortify
against disturbances in the feature representation, generally, methods such
as advanced data augmentation strategies [Xie20, Yan22, Yun19, Wan22a],
large-scale supervised and unsupervised pretraining [Che20b, Rad21, Rus15a,
Zho22a] can be leveraged. Despite the fact that there are differences in the
DG methodologies for various downstream tasks, they fundamentally share
core principles.

Domain generalization for semantic segmentation can be broadly categorized
into three parts: learning normalized features, domain randomization, and
knowledge distillation methods. Pan et al. [Pan18a] incorporated dual nor-
malization layers to ensure feature invariance to appearance changes. The
efficacy of feature normalization is further enhanced through domain-variant
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frequency analysis assistance [Hua21a]. Other approaches involve normaliz-
ing global features by eliminating style-specific information [Cho21] or uti-
lizing alternative normalization layers [Uly17]. Data augmentation strategies
generate additional training samples through style transfer models to miti-
gate domain-specific biases [Pen21]. Chen et al. [Che20a] proposed a con-
trastive learning pipeline combined with knowledge distillation to achieve
better generalization.

Dataset

An often overlooked aspect of the robustness of neural networks concerns
training data variability [Din19]. Recent research highlights the potential to
enhance the robustness and generalization capabilities when the models are
trained on large-scale cross-domain composite datasets [Xia22, Kir23]. De-
spite the intuitive appeal of real-to-real setups for practical applications, a
critical prerequisite for multi-dataset learning is the establishment of a unified
label space, which, as demonstrated by MSeg [Lam20] and Kim et al. [Kim22],
is complex. Compared to the sim-to-real setup, where synthetic datasets like
SYNTHIA [Ros16] or GTA5 [Ric16] share the annotation policies with real-
world datasets like Cityscapes, DG is rarely evaluated using datasets that
are not explicitly aligned to share the label space, as the evaluation schemes
primarily rely on metrics such as class-wise accuracy and Intersection over
Union that assume the existence of true positive predictions.

In addition, despite the trivial hypothesis that the quality of the data should
have a corresponding impact on the robustness of the trained neural net-
works, the impact of data anonymization on computer vision tasks was not
sufficiently evaluated in the previous work. Geyer et al. [Gey20] explored the
implications of image data anonymization as part of the A2D2 dataset evalua-
tion. They showed that using Pyramid Scene Parsing Network (PSPNet) with a
ResNet-101 backbone revealed only marginal performance differences caused
by anonymization, which was confined to a single network architecture. Sim-
ilarly, Yang et al. [Yan21b] examined the effects of face obfuscation through
various Gaussian blurring configurations, demonstrating that image blurring
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only slightly affects accuracy across several computer vision tasks, including
object recognition and detection using the ILSVRC dataset [Rus15b]. Their
findings indicated a correlation between classification difficulty and the ex-
tent of blurring in the training data, with objects having a higher overlap area
with human faces leading to more errors.

Due to the limitations of the previous work, Chs. 4 and 7 will further address
the challenge caused by the dataset and streamline real-to-real domain gen-
eralization assessment.

3.2.2 Open Set Object Detection

Dhamija et al. [Dha20] introduced the first open set object detection pro-
tocol, where the training class set Cy.,, is a subset of the validation set
Cyal> highlighting that models trained under a closed set assumption tend to
erroneously classify unknown objects as known class instances with high
confidence. Hosoya et al. [Hos22] demonstrated that simple modifications
after the softmax function of an existing closed set object detection model can
effectively transform it into an open set object detector. To address the open
world object detection challenge, Joseph et al. [Jos21] introduced the Open
World Object Detector (ORE) framework [Jos21], which differentiates be-
tween known and unknown objects by employing contrastive clustering in
the feature space and subsequently utilizing an energy-based method for
unknown identification. In order to differentiate from the unknown classes,
ORE necessitates a held-out validation set of unknown objects to estimate
the distribution by leveraging weak supervision. Additionally, representing
all possible unknown objects using one single prototype vector fails to ade-
quately represent the diverse intra-class variations from the unknown classes.

Gupta et al. [Gup22] proposed the Vision Transformer-based multi-scale
context-aware detection model, Open World Detection Transformer (OW-
DETR). This model incorporates an attention-driven pseudo-labeling mech-
anism, an objectness branch, and a novelty classifier to detect both known
and unknown classes. In addition, Du et al. [Du22b, Du22a] explored various
model regularization methods to enhance out-of-distribution object detection.
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The evaluation of the open set object detection is two-fold, concentrating on
detecting the known (closed set) and unknown (open set) object classes. For
the known classes, noted as Cy,,,, as introduced in Sec. 2.4.2, the commonly
utilized metrics of object detection, mAP, and AR are reported [Dha20, Jos21,
Gup22].

Given that the open set definition prescribes the unknown class set, noted as
U, as infinite, Hosoya et al. [Hos22] introduced the OSOD-III setting, where
unknown classes share at least one superclass with a known class considered
during evaluation. Consequently, the unknown mean Average Precision and
unknown Average Recall can be assessed over a subset of unknown classes
that conform to the OSOD-III alignment. Additionally, two major metrics are
reported to provide a comprehensive analysis of the performance of those
open set object detection models: The Wilderness Impact (WI) [Dha20] and
the Absolute Open Set Error (A-OSE) [Mil18].

Wl is defined as the ratio between the precision (P) when the detection model
is evaluated on the closed set (P.) and on the open set (P):

WI= te g, (3.1)

POS

For an ideal open set detection model, WI should be 0, indicating that the
model’s performance on the known class set remains unaffected by the in-
clusion of objects from the unknown class set during evaluation. Following
the implementation of Dhamija et al. [Dha20], this thesis adopts the Wilder-
ness Impact Wlg, computed across recall levels R = {0.1,0.2,..,0.9} with a
step size of 0.1. The overall Wilderness Impact is then calculated as the mean
value across all recall levels:

]

=@ 7] 2 Z WI,. (3.2)

In addition to the WI, A-OSE quantifies the absolute number of detections
where the ground-truth class belongs to U but is misclassified as a known
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class in Gy, This situation arises when a predicted detection has a bounding
box with an IoU greater than 0.5 compared to a ground-truth bounding box.

3.2.3 GradCAM and Uncertainty Estimation

To increase the interpretability of deep learning models, Zhou et al. [Zho16]
presented a methodology for computing class-discriminative activation maps
by introducing a novel set of weights to provide insight into which regions of
an input image significantly influence the predictions. The proposed method
requires the weights to be individually trained for each feature map. The Class
Activation Map (CAM) is defined by:

Mf; = 3 wi AL, (3.3)
k

where AX is the k-th feature map and the weights wf, are independently
trained using global average pooling over individual feature maps. The class
score S, is obtained by summing all the class activation maps:

Se=), ZMiCJ" (3.4)
J

i

Selvaraju et al. [Sel17] extended this work with the introduction of GradCAM,
which generalizes the original CAM implementation by eliminating the need
for training a new set of weights. Instead, the weight wj, for a specific class
¢ can be calculated as:

wi =y 9Se (3.5)

.
[ j 0Aj

To assess the uncertainty in network outputs, the entropy maps of the neural
network’s output class probability vectors yg based on the set of parameters 6
are visualized. The entropy, combined with the softmax function at the output
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layer, which serves as a measure of uncertainty, can be computed using:

€]
H(o) ==, 9o, logPe.. (3.6)

i=1

The summation encompasses all classes from € to provide insights into the
overall uncertainty in classification predictions.

3.3 Data-Efficient Perception Models

This section introduces four major aspects of leveraging easy-to-obtain or lim-
ited data for the training of perception models. These approaches aim to re-
duce the necessary effort associated with manual annotation, which is preva-
lent in the supervised learning paradigm.

3.3.1 Weakly-Supervised Learning

Deviated from the fully supervised learning, where the training data-
set D = {(xi,yi)}li\il is available, weakly-supervised learning utilizes
Dyear = {(x;, Y NN | for training. y

weak represents a more abstract form

of y, which can be incomplete, inexact, or inaccurate, for instance, it may
be generated from heuristic rules or external resources that are easier to
obtain compared with y.

Weakly supervised learning is used in several applications including object
localization [Gao18, Sin18], object detection [Zha22b, Wan18], and seman-
tic segmentation [Joo17, Weil7, Dail5, Lin16]. One of the major contribut-
ing supervision cues for the weak supervision is the Class Activation Map
(CAM) [Zho16, Sel17], as these CAM-generated discriminative regions for
prediction reasoning can provide additional information for the images, es-
pecially within the task of semantic segmentation [Joo17, Weil7]. Generally,
sparse annotations are also frequently employed as weak labels, including
image-level labels in object detection tasks, or non-exhaustive annotations,
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e.g., by annotating a small amount of pixels in segmentation tasks [Beal6].
Gao et al. [Gao18] proposed a method that leverages the number of objects as
a supervision signal for object localization. Similarly, in segmentation tasks,
leveraging the given bounding boxes to refine and create unsupervised region
proposals can enhance the segmentation performance without pixel-level an-
notations [Dail5, Kho17, Son19]. Joon Oh et al. [Joo17], on the other hand,
combined external saliency masks with image-level labels for training, while
Scribble [Lin16] is utilized to propagate category information to unlabeled
pixels, serving as a cost-effective annotation solution that is beneficial for
segmentation tasks. It is worth mentioning that the aforementioned weak
supervision can complement one another, which makes the integration of di-
verse weak supervision methodologies during training possible.

3.3.2 Domain Adaptation

For domain adaptation tasks, the trained model qbse is learned from the anno-
tated source domain dataset Dg = {(x,,ys)}. When the data distribution in
the target domain differs, such discrepancy can lead to performance degrada-
tion of the model ¢g . One research direction is presented by Unsupervised
Domain Adaptation (UDA), where the raw data without annotation from the
target domain DYPA = {(x,)} are available. By leveraging the knowledge ex-
tracted from the source domain, ¢% can be adapted to a new target domain,
forming ¢} without any annotation on the target domain.

UDA for the segmentation task is predominantly classified into three cat-
egories: Domain alignment through statistical divergence [Liu22a, Tzel4,
Kan19b, Sun16], domain adversarial learning [Tzel7, Vul9, Chel9], and
normalization statistics alignment [Lil18, Mar17], alongside self-training
approaches [Shi20, Lia19, Hoy23]. Several studies have also explored the use
of weak labels for domain adaptation [Ino18, Wan19b, Lv21, Wan23b, Das23].

Significant attention has been paid to UDA for the lane detection task, includ-
ing viewpoint transformation alignment across domains, adversarial train-
ing, and self-training. Yu et al. [Yu19] introduced a method to project images
into a standard viewpoint by estimating a transformation matrix. Adversarial

38



3.3 Data-Efficient Models

learning-based methods are closely aligned with general unsupervised learn-
ing strategies. For instance, Garnett et al. [Gar20] employed a discriminator
to differentiate between the model’s predictions from the source and target
domain, utilizing the gradient image of the input to constrain deep features
extracted by the model. Furthermore, Hu et al. [Hu22] explored both gener-
ative and discriminative adversarial methods for sim-to-real domain adapta-
tion. The MLDA proposed by Li et al. [Li22b] employs pseudo labels for lane
domain adaptation, encompassing pixel-wise, instance-wise, and category-
wise tasks, which aims to enhance the model’s global understanding by pre-
dicting lane types within images from the target domain.

3.3.3 Utilizing Class Hierarchy

A tree-structured class hierarchy 7 = (V, &), in which each node v € V
represents a semantic class and each edge (u, v) € &, represents class depen-
dencies between the two classes. Specifically, a parent node v represents a
more generalized class compared to a child node u. The root node of the hier-
archy J°, written as U", represents the most generalized class, while leaf nodes
Vi € V correspond to the most specific classes.

Ranging from classical machine learning that utilizes support vector ma-
chines [Che04] to the latest data-driven neural networks [Li22c], class
hierarchies are incorporated to increase the performance of the models. In
the current computer vision tasks, single-label hierarchical classification is
frequently used, while hierarchical multi-label classification, where each data
point can be assigned multiple paths within the hierarchy, is also used in
other machine learning tasks [Billb, Weh18, Giu20]. Leveraging the class
hierarchies in the computer vision tasks can be categorized into three major
groups [Ber20]: Label-embedding methods that project class labels into
vectors capturing semantic relationships [Ben10, Aka15, Xia16]. In addition
to that, hierarchies are integrated into the loss functions in order to enforce
prediction consistency [Den10, Zhall, Ver12, Bil17, Ber20]. Furthermore, the
network architectures are adapted to align with the class hierarchies [Zwe07,
Yan15, Ahm16, Zhul7].
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More specifically, for the unknown object detection leveraging class hierar-
chy, Lee et al. [Lee18a] proposed a hierarchical novelty detection framework
for object recognition, offering top-down and flattened approaches for classi-
fication within the taxonomy. Graaff et al. [Gra22] utilized capsule networks
with class hierarchy for novelty detection in object recognition. Zwemer et al.
[Zwe20] enhanced an SSD with hierarchical classification, thereby improving
object localization performance and evaluating hierarchical binary classifica-
tion through a novel training loss function [Zwe22]. Li et al. [Li22c] developed
a semantic segmentation model with integrated class hierarchy, incorporat-
ing hierarchical constraints and tree-triplet loss based on a predefined class
hierarchy for urban driving scenes and for human parsing tasks.

3.3.4 Few-Shot Semantic Segmentation

Few-shot learning is often employed to mitigate the epistemic uncertainty
inherent in neural networks when learning an underrepresented class with a
limited number of training examples. The previously known classes are noted
as base classes by Cyp,., and the novel class set C, ., Where Cpaee N Crovel = D-
During inference, the model receives a support image set Xs = {(x;, m;)}x |,
where K = |Xs| denotes the number of support image-label pairs and m
represents the corresponding binary label for the novel class. Given a query
image set X = {xi}li\il that contains the novel class ¢ € €}, the model pre-
dicts a binary mask for each class ¢ with m, = {0,1}*¥ indicating the pres-
ence and location of the novel class ¢ in the query image as described by the
support set. During training, the FSSS models typically follow a meta learn-
ing paradigm, where it involves a random selection of classes from the base
set Cpuees With corresponding information extracted to segment base classes,
ensuring the learned model generalizes to novel classes in the novel set C, .-

Similar to other few-shot learning tasks, e.g., few-shot classification [Vin16,
Fin17] and few-shot object detection [Kan19a], the FSSS paradigm typically
involves comparing feature representations from the support set with those
from the query image. Shaban et al. [Shal7] proposed utilizing a feature
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vector as support information, facilitating the segmentation branch’s pre-
diction of the query image mask. Subsequent work adopted Masked Av-
erage Pooling (MAP) to concentrate on and enrich the feature representa-
tions of novel classes [Zha20]. Some studies [Wan19a, Zha19, Li21] leveraged
support prototype vectors to reinforce segmentation predictions, as seen in
PFENet [Tia20], where expanded prototype vectors and query features are
concatenated with a prior mask generated by calculating cosine similarity
between the extracted query and support features. Other research aims to
enhance performance through multi-scale feature processing [Min21, Iqb22,
Shi22] and self-attention modules [Shi22, Zha22c], improving novel class fea-
ture representation. Singular Value Fine-tuning (SVF) employs singular value
decomposition to decompose the pre-trained backbone network, aiming to
reduce overfitting and enhance generalization [Sun22]. Similar to open set
problems introduced in Sec. 3.2, Generalized Few-Shot Semantic Segmenta-
tion (GFS-Seg) needs to segment both novel and base classes without prior
knowledge of which novel classes the query image contains [Tia22, Liu23,
Haj23, Mye22]. Lang et al. [Lan22] further sought to suppress false positive
novel class predictions by integrating base class segmentation results into the
novel class prediction branch.

Despite the advancements in the generic FSSS research, limited knowledge
dealing with complex driving scenes has been obtained. Hu et al. [Hu23c]
evaluated their proposed method on the Cityscapes dataset and revealed
significant performance degradation compared to traditional few-shot seg-
mentation datasets like Pascal VOC [Evel2], COCO-Stuff [Cael8], and
FSS-1000 [Li20b]. This highlights the heterogeneity of the segmentation
problem due to varying complexities when different image regions are
segmented as novel classes, resulting in false positive predictions.
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As shown in Ch. 3, the current evaluation scheme mainly emphasizes the per-
formance improvements given a certain training set. In real applications, the
training data, characterized by their quantity and quality, significantly affect
the generalization ability of neural networks. Therefore, this chapter serves
as a preliminary study and concentrates on the potential impact of training
data quality on data-driven perception tasks. The presented results are partly
based on the author’s publication in the proceedings of the 34th Intelligent
Vehicle Symposium (IV) [Zho22b].

4.1 Motivation

It is shown that large-scale datasets that accurately represent real driving
scenarios ensure the performance and robustness of data-driven perception
functions. Therefore, data collection is a fundamental task for continuously
improving such functions. However, in several global regions, especially Eu-
rope, data containing personally identifiable information must adhere to spe-
cific legal conditions outlined in regulations during data exchange. With the
implementation of the GDPR, the exchange and processing of such data must
ensure that individuals can no longer be identified from the collected data. To
safeguard such a process, an identified natural person during data collection
is endowed with numerous rights to be informed about the data handling and
processing steps, including the rights to rectification, erasure, and restriction
of processing. Consequently, for data exchange, it is imperative to anonymize
visible license plates and faces of individuals from the recorded data, ensuring
that privacy-sensitive areas are rendered non-reconstructable. However, the
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impact of such data anonymization methods on the performance of semantic
segmentation models has not been sufficiently investigated.

Typically, such an anonymization pipeline incorporates an object detector for
personal identity-sensitive areas alongside a module that applies a designated
anonymization pattern to augment the collected images. However, such mod-
ifications of the recorded data, e.g., the removal of certain visual features and
the blurring of specific regions in an image, can result in performance limita-
tions for data-driven algorithms when performing inference on raw camera
images, where such artificial modifications of visual properties do not exist,
potentially leading to less efficient training processes or substantially altered
training outcomes that emphasize anonymization patterns that are used dur-
ing training rather than the actual content of the scenes.

Given that the computational capacity of mass-production vehicles is signif-
icantly lower than that of server clusters, compact network architectures are
usually utilized during inference in vehicles equipped with such driving func-
tions. The objective of this chapter is to evaluate the impact of anonymization
in training datasets on semantic segmentation, employing various input im-
age resolutions and network architectures.

4.2 Experimental Setup

The primary aim of this preliminary study is to assess the potential impact of
image anonymization and the statistical significance of the changes induced
by anonymization within each de-identified training set for semantic segmen-
tation. This can be achieved by evaluating whether the changes caused by
anonymization within each de-identified image set X';, alongside with the fine
annotations Y for the trained mapping function ¢i6 are statistically significant.
The applied anonymization methods, the training setup, and the network ar-
chitectures employed are introduced in this section. For the experiments, the
widely adopted Cityscapes dataset [Cor16] is utilized for evaluation.
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Anonymization Methods

This section concentrates on four major image anonymization methods:
Gaussian blurring, image crop-out, random crop, and image resynthesis. The
first three methods are regarded as classical ways of anonymization: Crop-
out removes specific areas of the input image that are detected as human
faces and number plates, while random crop replaces them with other slices
of the input images. Gaussian blur, which applies convolution to an image
based on a Gaussian filter, is a simple yet effective anonymization method
widely used in pratice. For image resynthesis, a generative model proposed
by Hukkelas et al. [Huk19] is applied to the images by taking key points from
the detected faces and replacing them with realistic generated images using
conditional Generative Adversarial Network (GAN) [Kar19]. The dataset is
denoted as Xz. Examples of the anonymized images can be found in Fig. 4.1.

(c) Random crop (d) Image resynthesis

Figure 4.1: Examples of anonymized images from Cityscapes dataset.

To address the potential issue of false positive and false negative predictions
from the face and number plate detector, the Regions of Interest (Rols) that
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need to be anonymized are generated by comparing an official anonymized
image set with the original dataset. The quantitative comparison for the
Rol generation is based on the Structural Similarity Index (SSIM), proposed
by Wang et al. [Wan04], where the luminance, contrast, and structural
differences of the images are compared. Based on the extracted Rols and
the original raw dataset X, the anonymized image sets Xgg, Xic, Xpc are
generated for the upcoming experiments.

Network Architectures

For the comparison of network architectures, three primary decoders are uti-
lized, FCN [Lon15], PSPNet [Zha17] and UPerNet [Xia18]. Compared with the
setup with the FCN decoder, the latter two image decoders leverage interme-
diate convolutional layers from the image encoders, structuring multi-scale
feature embeddings. In the pyramid pooling module of PSPNet, feature em-
beddings from the backbone are pooled at multiple scales before being pro-
cessed through a convolutional layer. By leveraging the PSP modules and
combining them with an FPN network, UPerNet demonstrates its ability to
handle multiple computer vision tasks. It is used by the current evaluations
with Swin Transformer and ConvNeXt encoders.

Therefore, in addition to the classical ResNet family, ranging from ResNet-18
to ResNet-101, further network architectures that are heavily inspired by the
transformer models are included in the evaluation and comparison, includ-
ing ConvNeXt-Pico and ConvNeXt-Tiny, which are comparable to ResNet-18
and ResNet-50 in their model sizes. During training, a fixed batch size of 6
is utilized. The models are trained using the default optimizer - stochastic
gradient descent for the models with ResNet backbones and AdamW for the
models with ConvNeXt backbones.
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Figure 4.2: Training and evaluation setup for the preliminary study.

As shown in Fig. 4.2, the evaluation and comparison of the models that share
the same hyperparameters with different data sources are summarized as fol-
lows:

1 The baseline semantic segmentation models are trained with the origi-
nal Cityscapes dataset that contains raw camera images and fine anno-
tations Dy = (X, ¥);

2 The anonymized image sets are generated based on extracted Rols
or the GAN model from Hukkelas et al. [Huk19]. By combining the
anonymized image sets with the fine annotations from the original
dataset, Dgp, Dic, Dre, and Dy are created with D; = (X}, Y);

3 The segmentation models ¢le are trained with identical hyperparameter
settings as their respective baseline models with training dataset D;;

4 Aligned with real driving scenarios, in which the camera stream is di-
rected fed to the computing unit, the trained models ¢, are applied for
validation utilizing the original Cityscapes validation dataset Dy,.
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In addition to the anonymization pattern used, the experiments further ablate
the impact of image data anonymization with various image encoders, de-
coders, and training image crop sizes. The image backbones are pre-trained on
ImageNet-1k. Two distinct image resolutions are used during training, with
1024x512 representing a higher input resolution and 768 X384 a lower resolu-
tion. Each model is trained for up to 10% iterations. A series of data augmenta-
tion methods, including random cropping, random flipping, and photometric
distortions, are applied during the training of semantic segmentation models.
The mean Intersection-over-Union (mloU) metric is utilized for the evalua-
tion of the trained semantic segmentation models based on the Cityscapes
validation dataset. In addition, the experiments consider classes related to in-
stances of the category human and vehicle that are directly affected by image
anonymization. Similar to the evaluation scheme suggested by Cordts et al.
[Cor16], two distinct mean performance scores, IoUyegory and 10U g, based
on two semantic granularities, are reported.

Furthermore, non-parametric statistical tests assess the statistical signifi-
cance of image anonymization on segmentation models’ performance. The
Wilcoxon test evaluates whether the IoU of related categories changes sig-
nificantly in response to a specific anonymization pattern [Wil45], offering
an averaged analysis across all training input resolutions, neural network ar-
chitectures, and backbones. As a supplement to the averaged analysis across
all the models, the Mann-Whitney U test examines whether the distribution
of segmentation performance from a single model varies when trained with
anonymized data [Man47].

4.3 Results and Analysis

As introduced in Sec. 4.2, the quantitative evaluation of the impact of
anonymization comprises multiple experiments involving diverse image crop
sizes during training, network architectures, and anonymization patterns.
However, to compare the impact caused by certain variables, evaluation
results from other possible training configurations are combined and aver-
aged to minimize variability and ensure readability despite the differences
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Table 4.1: Relative comparison of the models  Table 4.2: Relative comparison of the decoder

trained on different image resolu- architectures
tions
Hi-Res Lo-Res PSPNet FCN
Class Class
Person -0.84% -0.49% Person -0.6%  -0.96%
Rider -1.76% -0.57% Rider -1.10%  -2.70%
Car -0.27% -0.19% Car -0.13%  -0.27%
Bicycle -0.58% -0.55% Bicycle -0.40% -0.38%
Category Category
Human -0.76% -0.42% Human -0.62% -0.80%
Vehicle -0.20% -0.23% Vehicle -0.10% -0.13%
mloU -0.63% -0.15% mloU 0.05% -0.86%

in image backbones and anonymization patterns. For example, to compare
the impact of diverse training image sizes, Tab. 4.1 presents the results from
experiments in which the crop size of the input image is the only variable.
In this scenario, results across three different image encoders, two decoders,
and four anonymization patterns are averaged, resulting in 24 experiments
for each image size. Given the relatively small variations in the absolute IoU
differences, unless otherwise stated, the relative changes of the class IoU are
calculated and reported with djoy = (IoU,,, — I0U,y,)/T0U,;,. In addition,
statistical analyses are performed for selected anonymization patterns.

Table 4.1 demonstrates that models trained with high-resolution input im-
ages suffer from performance degradation due to anonymization across all
the human and vehicle classes compared to those trained with low-resolution
images from D,. One possible explanation for that is that the segmentation
networks are encouraged to concentrate on global textures and visual appear-
ances. In addition to that, local features are diminished in their priority among
the downsampled training examples compared to their representation in the
original resolution. Similarly, within the decoder architectures, as observed
in Tab. 4.2, the architectures that leverage multi-scale inputs from the im-
age encoder demonstrate higher robustness in mitigating the negative impact
brought by the anonymized training images.
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Table 4.3 illustrates the average relative IoU changes caused by applying
various anonymization patterns in the semantic segmentation training data-
set. It can be observed that the crop-out method results in the highest IoU
loss, which is attributed to the complete deletion of the detected privacy-
sensitive areas containing number plates and human faces. Similarly, the
random crop method replaces essential image regions containing personal
information with random patches from the training images. Despite the fact
that the segmentation performance for the categories human and vehicle
decreases, no significant negative impact on the mean IoU can be observed,
indicating better segmentation of other categories like flat that contains
classes road, sidewalk, and category construction with classes building and
wall. Utilizing Gaussian filters for anonymization, it can be seen that the
relevant class IoUs are negatively affected by the moderate changes. In
contrast, image resynthesis preserves the segmentation performance in the
category human, with classes such as person and rider unaffected despite
the image anonymization actions.

Image anonymization has a comparatively greater impact on the person and
rider classes within the human category than on the car and truck classes
within the vehicle category. Such discrepancy arises due to the fact that hu-
man faces often cover the boundary of one person. In contrast, vehicle con-
tours are frequently defined by body panels instead of centrally located num-
ber plates from front- and rear-view. Additionally, a decrease in the segmen-
tation performance is also observed for classes not directly relevant to image
anonymization, such as bicycle. This decrease is attributed to the interdepen-
dence of recognizing the object instances, e.g., bicycles and their riders. As
anonymization complicates the segmentation performance of the class rider,
it thereby also increases the segmentation failures in the relevant classes si-
multaneously.
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Table 4.3: Relative comparison of the models trained on various anonymization patterns

Crop Out Random Gaussian Resynthesis

Class
Person
Car
Bicycle
Category

Human
Vehicle

-0.05%

Table 4.4 ablates the impact of employing different ResNet-based backbone
networks. Performance degradation induced by image data anonymization
decreases with the increasing capacity of the backbone network, as the seg-
mentation models with the ResNet-101 backbone are generally less affected
by anonymization. Such observations align with the findings from Geyer et
al. [Gey20], who evaluated image data anonymization using PSPNet decoder
with ResNet-101 backbone and concluded that anonymization does not nega-
tively impact image segmentation. However, it is worth mentioning that more
complex backbones also impose higher computational resources. Edge appli-
cations, e.g., robotics and automated driving functions, are often considered
to have limited resources. Therefore, the trade-off between network capac-
ity and the feasibility of online implementation should be considered when
designing such perception functions.
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Table 4.4: Relative comparison of the models with backbones from the ResNet family trained on
anonymized data.

ResNet-18 ResNet-50 ResNet-101

Class
Person -0.80% -0.32%
Rider -1.05%
Car -0.15%
Bicycle -0.26%

Category
Human
Vehicle

-0.58% -0.30%

In addition to the ResNet backbones, in Tab. 4.5, further image encoders from
the ConvNeXt family, which are heavily inspired by the recent development
of vision transformers, are ablated. The image encoders are paired with the
UPerNet image decoder, and the experiments are repeated five times to elimi-
nate the possible perturbations caused by random seeds. Consistent with the
findings presented in Tab. 4.4, despite demonstrating superior performance on
the Cityscapes dataset as measured by mloU, the backbone with lower learn-
ing capacity is still more adversely affected by data anonymization. Such neg-
ative impact can be observed by the underrepresented classes like rider, where
the absolute difference of the single class decreases by up to 2% with higher
standard deviations, while the models with more parameters can cope with
such disturbances. Furthermore, modern CNNs are also more robust com-
pared to the ResNet family, as shown by the comparison between ConvNeXt-
Tiny and ResNet-50, which have similar model sizes.
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Table 4.5: Comparison of segmentation performance utilizing various modernized image en-
coders and training datasets

Original ~Crop Out Random Gaussian Resynthesis
mloU /%

ConvNeXt-Pico
ConvNeXt-Tiny
UPerNet-R50

771403
80.5.40.

76.7.0.2
80.3.0.4

76.7.0.4

Person /%

ConvNeXt-Pico
ConvNeXt-Tiny
UPerNet-R50

Rider /%

ConvNeXt-Pico 60.2,0.9
ConvNeXt-Tiny 644,05
UPerNet-R50 573,12

Figure 4.3 compares several segmentation images produced by an FCN net-
work with a ResNet-18 backbone that was previously trained on the Gaussian
anonymized Cityscapes dataset. In this study, GradCAM, as implemented in
Captum [Kok20], is utilized to evaluate pixel contributions to the class human.
The analysis focuses on the gradients of the last convolutional layer within the
decode head of the neural network. The first row illustrates a scene where the
entire body of a pedestrian is visible to the camera. In this setup, pedestrians
can be detected and segmented by the semantic segmentation network despite
notable uncertainty in the human faces shown by the entropy map. There are
instances, depicted in rows b to d of the qualitative results, where the net-
work fails to segment the input images accurately. A substantial decline in
segmentation performance is noted when only the faces of pedestrians, re-
garded as privacy-sensitive regions during data anonymization, are visible
from the vehicle’s camera. The entropy of class person in row d is markedly
higher compared to rows e and f, indicating greater uncertainty in the neural
network trained with the anonymized Cityscapes dataset versus the original
and re-synthesized datasets.
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Statistical Analysis

Given the widespread use of the Gaussian filter in practice due to its sim-
plicity, the statistical analysis concentrates on the impact of utilizing this
method for anonymization. For comparison, the FCN model is trained 42
times on the raw Cityscapes dataset with higher resolution and 34 times on its
anonymized variant, maintaining identical training configurations. As intro-
duced in Sec. 4.2, the Wilcoxon signed-rank test and Mann-Whitney U test
were applied to evaluate the segmentation precision from the experiments.
In the test setups, the null hypothesis Hy : IoU,; < IoU,,, is tested against
the alternative hypothesis H; : IoUg;, > IoU,,,, with the significance level
a = 0.01 chosen to ensure a higher confidence level. If the p-value of the test
falls below the significance level a, the null hypothesis H, is rejected. Ta-
ble 4.6 reveals a significant impact of traditional anonymization patterns on
the human category, while the impact on the vehicle category and mIoU is not
substantial. Table 4.7 also indicates statistically significant changes caused
by the Gaussian filter on the ResNet-18 based FCN segmentation network.
Notably, segmentation results for the rider class and associated motorcycle
and bicycle classes exhibited significant differences in segmentation precision.
The statistical analysis corroborates the quantitative and qualitative findings,
demonstrating that image anonymization significantly affects semantic seg-
mentation, particularly for neural networks with a smaller backbone.

Table 4.6: p-values of Wilcoxon signed-rank test on the models’ performance trained on differ-
ent anonymization patterns.

Crop Out Random Gaussian Resynthesis

Category
Human <1073 <1073 <0.01 0.689
Vehicle 0.190 0.0757 0.102 0.396
mloU 0.046 0.017 0.425 0.311

Table 4.7: p-values of Mann-Whitney U Test on segmentation performance when trained with
Gaussian anonymized dataset.

Person Rider  Car  Bicycle Motorcycle mloU
<10~ <10=® 0.103 <10~* <0.01 0.037
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4.4 Conclusion

In this chapter, a systematical analysis of the impact of image data anonymiza-
tion on semantic segmentation as a preliminary study is proposed. The per-
formance loss has been investigated qualitatively as well as quantitatively. It
is shown that neural networks with more complex backbones and multi-scale
features are better at generalizing from anonymized training data than smaller
ones. While face anonymization degrades the detection performance on par-
tially obstructed pedestrians, number plate blurring has only a marginal effect
on the detection of vehicles. However, using generative models to regenerate
biometric features can mitigate the side effects of data anonymization, while
ensuring privacy compliance.

Recently, transformer models have also been utilized for computer vision
tasks like object detection and semantic segmentation in research. However,
as it is shown in Tab. 4.5, backbones that are inspired by the latest advance-
ments that have a smaller learning capacity are still statistically affected by
the image anonymization process, showing its high data relevance. In the fol-
lowing chapters, starting with Ch. 5, the aspect of data-related corner cases
will be further discussed.
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5 Corner Cases for Automated
Driving

The goal of this chapter is to propose an alternative definition and classifi-
cation of safety-critical driving situations related to ML-based environment
perception, reducing ambiguity from the perspective of data-driven tasks.

Consequently, the following research question is therefore raised and dis-
cussed:

Research Question 1: What are the core properties of corner cases

in the context of real-world ADAS and HAD applications?

» Hypothesis 1.1: In addition to the current methodologies, corner
cases can also be classified according to the availability of the data
points during development and validation.

This chapter is mainly based on the author’s publication in the proceedings
of the 35th IEEE Intelligent Vehicles Symposium [Zho23c].
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Figure 5.1: Classification of corner cases from the perspective of interpretation problems in the
neural networks.
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5.1 Interpretation-Error-Based Criteria

As outlined in Sec. 3.1, prior research has primarily concentrated on the clas-
sification and taxonomy of corner cases within the context of highly auto-
mated driving functions that rely on visual systems [Bre20, Bog21] or other
modalities [Hei21].

Nevertheless, given that the majority of the sub-modules involved in auto-
mated driving functions - such as perception and motion planning — are ei-
ther directly based on neural networks or indirectly reliant on their outputs, it
is pertinent to consider corner cases from the perspective of network interpre-
tation, especially since there are network setups that streamline end-to-end
automated driving functions. This involves assessing whether any interpre-
tation issues within the networks lead to corner cases, thereby linking these
cases to the properties of the training and testing datasets, as necessitated by
the EU Al Act [Eur21]. The subsequent sections will systematically discuss the
taxonomy of corner cases as depicted in Fig. 5.1, referencing relevant existing
literature where applicable.

5.1.1 No Interpretation Problem (NIP)

Even in scenarios where the neural networks exhibit no interpretation issues,
various factors can still pose risks and lead to hazardous situations. These
factors range from technical failures in the vehicle, e.g., from the sensors,
as addressed by ISO 26262, or from the unpredictable and risky behaviors of
other traffic participants, as covered by ISO 21448. Although this is not the
primary focus of the thesis, such corner cases are still illustrated through two
potential influences, namely hardware limitations (NIP-HL) and risk depen-
dency (NIP-RD), which are distinct from neural interpretation problems and
will be expounded in the upcoming Sec. 5.2.
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5.1.1.1 Hardware Limitations (NIP-HL)

Given that sensors generate input data for neural networks, significant dis-
tortions or noise can affect the quality of the model’s output. For instance, ad-
verse weather conditions may severely impact the functionality of automated
driving functions [Hah22, Cae20], as vehicles equipped with both cameras
and LiDAR sensors face visibility constraints in foggy conditions due to wa-
ter droplets that scatter, reflect, and absorb LiDAR rays while limiting passive
camera visibility [Gey20]. Under- and over-exposure can be frequently ob-
served upon entering and exiting tunnels. These effects are already notable
without considering any data processing with data-driven methods and may
induce risks in conventional, non-ML systems.

In addition to that, multiple sensors and sensor modalities are often deployed
along the vehicle’s primary axis to ensure redundancy and maintain a robust
sensor field of view around the driving environment. Nevertheless, the per-
ception of the driving environment is still affected by blind spots created by
other traffic participants or static objects, such as an obscured bicyclist behind
a truck due to limited visibility. Consequently, effectively detecting these
objects necessitates Vehicle-to-Everything (V2X) communications [Chel7],
specifically Vehicle-to-Infrastructure (V2I) or Vehicle-to-Vehicle (V2V). These
concepts, however, are not primarily associated with neural network inter-
pretations.

5.1.1.2 Risk Dependency (NIP-RD)

The inherent risks posed by the driving behavior of other traffic participants
are a consistent key factor for automated driving functions. The primary mo-
tivation for detecting and eliminating corner cases is to mitigate any potential
collisions. The impact of a certain object on the automated vehicle is influ-
enced by several factors: Its position and speed relative to the ego vehicle, its
mass (or mass difference), and its vulnerability.

Typically, neural networks encounter challenges with interpretation problems
that are intricately linked with these risk dependencies. Nevertheless, the
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presence of risks is concurrently a fundamental aspect of decision-making in
traffic and is not exclusively tied to the interpretation challenges with data-
driven neural networks, especially when the network can accurately depict
such driving scenes, e.g., overtaking bicycle riders or unusual driving behavior
of other vehicles.

5.2 Causes of Interpretation Errors

This section focuses primarily on corner cases caused by interpretation prob-
lems in neural networks, emphasizing the critical role of data utilized for train-
ing and validation. To reduce complexity, distinctions among the data avail-
able to various groups responsible for automated driving functions, such as
function development teams and their testing groups, suppliers, OEMs, certi-
fication bodies, and approval agencies, are omitted. Despite the fact that such
distinctions are practically significant and relevant, they are considered fun-
damentally organizational within a part of the collaborative process to ensure
the release of “safe” products for public roads. Consequently, all data accessi-
ble up to the vehicle’s certification are aggregated into the development data-
set. Such a dataset can be further divided into three subsets: The annotated
training set used directly for model training, the annotated test set used for
performance evaluation on unseen data, and an un-annotated set represent-
ing real-world driving scenarios that were collected during the entire devel-
opment process that are considered useful for development purposes without
exhaustive annotation.

Furthermore, any data not included in this development dataset is assumed
to occur during field operations, likely on public roads used by customers,
which is considered to entail a higher risk.

5.2.1 In Annotated Development Dataset (IP-ID)

For any issue arising within the development dataset, a differentiation is made
between occurrences within the direct training data (train set) and those only
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within the data used for validation and potentially iterating with different
parameters (test set).

In Train Set (IP-ID-TR)

In cases where the neural networks show inadequate performance even on the
training dataset, as indicated by poor training metrics, multiple factors may be
responsible. These may include insufficient learning capability of the neural
network, such as inadequate size or inconclusive training data. An often-
overlooked but essential aspect of training pertains to the training procedure
of neural networks [He21]. Improper configuration of learning rates or data
augmentations applied during training can strongly affect performance and
inhibit the required generalization on different domains.

Another significant factor is the pretraining phase. Image encoders are typ-
ically pretrained in a supervised manner with large-scale datasets like Ima-
geNet [Den09]. However, constraints related to cost, proprietary considera-
tions, and specific requirements from downstream tasks require more efficient
and effective pretraining methods. Existing studies demonstrate the advan-
tages of improved training organizations, such as utilizing alternative forms
of supervision [Che21], leveraging self-supervised contrastive learning meth-
ods [Zha21b], and mining challenging training examples [Shr16]. These ap-
proaches have improved upon random initialization methods and achieved
performance comparable to supervised pretraining [Che20b, Rad21].

In Test Set (IP-ID-TE)

In this case, the interpretation problem of the networks only appears in the
test set, which is a subset of the development dataset. The steps outlined in
the previous section (IP-ID-TR) should be revisited to exclude a fundamen-
tal lack of generalization from the neural networks, specifically, compare the
network’s learning capacity with the size of the training dataset to rule out
simple overfitting. If neither of these explanations accounts for the observed
interpretation problem, a high-priority task is determining whether the data
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points in the development dataset are independent and identically distributed
(i.i.d.). A performance disparity between training and test data suggests that
their distributions may differ. Additional data collection aims at extending the
annotated development dataset, thus supplementing the training set and test
set, which can mitigate epistemic uncertainty arising from a lack of diversity
from the datasets.

5.2.2 In Raw Development Dataset (IP-INO)

Challenges associated with unannotated raw datasets are not immediately
identifiable by methodologies mentioned in previous subsections. Exhaus-
tive annotation is often impractical, as it would ideally have been completed
with the dataset already included in the annotated subset. This necessitates
alternative approaches to identify pertinent scenes or scenarios, which poses
significant challenges leveraging diverse detection methods with minimal or
no supervision from manually generated labels.

Current research in this direction predominantly targets data with clear dis-
tinctions between objects and backgrounds [Vo21], while investigations into
complex scenarios, such as automated driving and other sensor modalities
like LiDAR, remain limited [Cen21, Naj19]. Nevertheless, image retrieval
methodologies, such as deep template matching [Kot22], that seek to identify
comparable images based on the distance between features generated from ex-
tensive unlabeled datasets, given a small subset of query images, are beneficial
for identifying previously unknown critical driving situations. Additionally,
methods aiming to detect previously unknown object instances that share
common semantic properties based on annotated datasets also exhibit poten-
tial [Won20, Gup22]. Beyond image-level techniques, there are approaches
grounded in LiDAR inputs, combined with unsupervised scene flow estima-
tion and automatic meta-labeling, which have shown promising results in
open set 3D detection tasks [Naj19].
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5.2.3 No Data Available (IP-OD)

If such an interpretation problem of the neural network does not arise within
the development dataset, it indicates that there is a misalignment between the
learned distribution and the domain of the system during operations. This
misalignment can occur due to an incomplete dataset or an inadequate oper-
ational environment that differs from the learned data distribution. Similar
effects arise from mismatches between training and test datasets (IP-ID) with
overlapping causes. However, the consequences are potentially more severe
as these issues are discovered during product operation on public roads, not
during development or certification.

Domain shifts may occur, for instance, when networks trained with European
data are validated with data from the USA, or due to variations in driving con-
ditions, as extensively discussed in Sec. 3.3. Networks trained solely under
fair weather conditions exhibit significant performance drops when real driv-
ing situations involve more challenging conditions [Hah22, Cae20]. Domain
shifts in the temporal context are particularly noteworthy: As the domain
evolves over time, any static development dataset inevitably loses its i.i.d. prop-
erty relative to the operational domain. Based on whether an event repre-
sents an out-of-distribution (OOD) event — meaning it is not reflected in a
broadly sampled training dataset — this section is split into two sub-parts:
Out-of-Distribution events (IP-OD-OOD) and non Out-of-Distribution events
(IP-OD-NOD).

Out-of-Distribution Events (IP-OD-OOD)

In this category, the issue emerges when sensor data as input during inference
significantly deviates from the learned distribution represented in the develop-
ment dataset. Such deviations may manifest as high uncertainty outputs from
the data-driven models. To mitigate such an issue, it is feasible to implement
a separate OOD detection mechanism without altering the development data,
the sensor setup, or the operational domain. This auxiliary mechanism can
identify and potentially mitigate these OOD events as a contingency measure.

64



5.2 Causes of Errors

Extensive research has been done on OOD detection [Yan21a, Bre21], which
can be broadly classified into reconstruction-based, prediction-based, post-
processing score-based, and density-based methods.

Reconstruction-based methods involve employing an ensemble of data
encoders and decoders to verify if the feature representations generated
from the image encoder can be used to reconstruct the input data accu-
rately [Has16, Ozal9, Lis19]. Significant differences between the recon-
structed and the original input data suggest a drift from the known data
distribution. This methodology can also be adapted to generative adversarial
networks [Cha19]. Prediction-based methods focus on comparing predicted
data based on previous data sequences to the actual measurement data.
Similar to reconstruction-based methods, significant disparities between the
predicted and real data indicate an inconsistency between the input and
the training dataset [Bol19a, Naj19]. Postprocessing score-based methods
utilize maximum softmax score [Hen17], temperature-based score [Ren19],
and energy-based score [Liu20b, Wan21]. The gradients from the network
are employed to estimate uncertainty from the model outputs [Hua21b], or
multiple forward passes are executed to gather this information [Ken17].
Recent advances in uncertainty quantification have examined the rejection
of input examples that exhibit unreliable network uncertainties [Fis22].

Additionally, density and probabilistic models assume that low-density ar-
eas represent underrepresented situations. Feature representations from
the backbone are compared to feature embeddings derived from previ-
ously known data. Various distance metrics, including Mahalanobis dis-
tance [Lee18b, Ren21], cosine similarity [Zae21], kernel similarity [Van20],
and normalizing flow models [Jia22, Nal19], are used to predict corner cases.

Non Out-of-Distribution Events (IP-OD-NOD)
In this category, the issue arises even though the input data falls entirely

within the distribution scope of the development data as perceived by the
system. Notably, this implies that the joint distribution between raw data and
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their true interpretations changes, even when the distribution of the input re-
mains constant. Consequently, the generated outputs from a learned mapping
may deviate from the true interpretation. From this perspective, the learning
distribution must vary to effectively distinguish the perceived (likely: “safe”)
interpretation from the true (likely: “unsafe”) ground truth. However, this
distinction cannot be reliably established based on the given sensor, process-
ing structure, and development dataset.

Since the systematic detection of such events at runtime is not feasi-
ble [Fan22b], the primary countermeasure involves minimizing the probabil-
ity of introducing such vulnerabilities during the development phase. This
may manifest as limited development data that overlooks critical distinctions,
insufficient system perspective, e.g., lack of awareness of geographic changes
or perception at inappropriate wavelengths or resolutions, or adversarial
attacks [Sit18]. Countermeasures involve conducting exhaustive complete-
ness evaluations on the development dataset, incorporating synthetic data to
implicitly introduce assumptions about valid and invalid variations.

It is important to note that occurrences in this category represent the most
severe type of problems, as they arise at runtime without any straightforward
means for in-situ resolution.

5.3 Solutions to Corner Cases

Active Learning

Since data annotation is regarded as labor-intensive due to its nature, research
is currently exploring how such resources can be efficiently leveraged for an-
notating raw data. Active learning has the main objective of iteratively ex-
tracting a subset of an unlabeled dataset for annotation in such a way that
annotated data optimally benefits the training of the given neural networks.
These newly acquired data points may come from previously known data (IP-
ID), from raw datasets that have been collected from the real world (IP-INO),
or from an OOD detector operating online within a vehicle fleet (IP-OD). Such
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acquisition functions responsible for sample selection usually rely on network
uncertainty [Gud20] or data diversity metrics [Jia22].

Class-Incremental Learning

When new classes emerge within the development dataset, the goal is to
incorporate them into the neural networks with minimal effort compared
to complete retraining with the whole dataset. Current research in class-
incremental learning predominantly addresses the image domain. Here, the
central assumption is the non-reappearance of previously known classes in
the sequential training steps, as normally only the novel classes are anno-
tated, emphasizing the need to mitigate catastrophic forgetting to ensure the
network retains the ability to recognize all previous classes. Methods such
as replay [Ach20], which preserves a fraction of data from previous tasks,
and regularization [Kir17], which constrains model changes or employs
soft labels from the latest model [Li17], have shown efficacy. However, in
practical applications, it is more realistic to adopt a framework where the no
repetition constraint is relaxed [Cos22], as previously known classes do not
vanish entirely in the new dataset.

Domain Adaptation and Generalization

Domain adaptation becomes crucial when the training data in the develop-
ment dataset do not satisfy the i.i.d. assumption across operational domains.
The objective is to adapt a model trained on the development dataset, also
called the source domain, to perform well on the datasets that exhibiting se-
mantic difference from the training dataset, called the target domain. Various
methods emphasize transferring the style of images and normalizing feature
representations [Wan20a]. In addition, domain generalization methods aim
to develop networks capable of learning domain-invariant features from the
development dataset, thereby enabling a generalized model to handle multiple
target domains [Pir20, Cha20, Ghi15].
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Advanced Data Augmentation

In addition to conventional augmentation strategies such as cropping, image
flipping, and color shifting applied to image datasets, advanced data augmen-
tation methods have demonstrated substantial efficacy across numerous ma-
chine learning applications, including computer vision [Cub18], LIDAR object
detection [Che20c], or behavior generation [Lia20]. These novel data augmen-
tation methods enhance model performance without necessitating additional
training examples and can be employed in scenarios where certain driving
scenes or scenarios are present within the development dataset, e.g., from
IP-ID and IP-INO.

5.4 Conclusion and Research Questions

This section presents a solution-oriented approach to defining corner cases
based on interpretation problems in neural networks. The potential causes
of these corner cases are examined based on data availability in the devel-
opment dataset utilized during development, certification, and type approval,
alongside factors that are independent of interpretation issues. It is consid-
ered that the interpretation problems caused by the data points that are not
represented in the development dataset pose high risk during real-world op-
eration for potential public users. Therefore, this section also extensively ex-
plores potential technical solutions to enhance the capabilities of data-driven
driving functions comprehensively.

As large-scale data annotation for computer vision tasks is highly cost- and
labor-intensive, the following chapters of the thesis concentrate on leverag-
ing existing contextual knowledge from downstream tasks to mitigate certain
interpretation problems of the neural networks that do not require additional
annotated data with a priori knowledge, which motivates the subsequent re-
search questions:
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5.4 Conclusion and Research Questions

« Research Question 2: How can hierarchical taxonomies be lever-
aged in downstream computer vision tasks to evaluate and improve
the generalization ability of the trained neural networks?

» Research Question 3: Does the class hierarchy reduce the required
effort for training in computer vision tasks since the training process
becomes more effective and the amount of data needed for training
decreases?

« Research Question 4: Beyond class taxonomies, how can other
contextual knowledge be leveraged to mitigate corner cases?
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6 Hierarchical Class Taxonomies as
Contextual Knowledge for Object
Detection

Chapter 5 analyzed the roots of corner cases according to the availability of
the data during development. Beginning with this chapter, the thesis focuses
on the mitigating corner cases, namely, how to leverage a priori knowledge
from the driving world so that the trained networks achieve better perfor-
mance. Specifically, this chapter emphasizes object detection, while Ch. 7
also investigates the task of semantic segmentation.

This chapter addresses the following research question:

Research Question 2: How can hierarchical taxonomies be lever-
aged in downstream computer vision tasks to evaluate and improve
the generalization ability of the trained neural networks?

« Hypothesis 2.1: A hierarchical taxonomy based on visual appear-
ance can be exploited to distinguish unknown objects from a known
category.

This chapter is based on the author’s publication in the proceedings of
the International Conference on Intelligent Transportation Systems (ITSC)
2023 [Zho23d].
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6 Hierarchical Class Taxonomies for Detection Tasks

6.1 Dataset Setup

In addition to the large-scale real-world dataset nulmages, which has been in-
troduced in Sec. 2.4, the evaluation of unknown-aware hierarchical object de-
tection models is conducted using a synthetic dataset generated by the open-
source autonomous driving simulation engine CARLA [Dos17]. The simula-
tion engine offers comprehensive 3D representations of previously defined
urban and highway traffic scenarios and supports a diverse array of vehicle
models, buildings, pedestrians, street signs, and other elements. Addition-
ally, CARLA allows for the specification of various environmental conditions,
such as weather and time of day, and accommodates customized sensor con-
figurations, including multiple cameras positioned at different locations. A
significant advantage of utilizing synthetic datasets is the ability of the simu-
lation engine to generate fully disjoint training and testing class distributions.
The controlled driving conditions within the simulator ensure that the test set
contains classes excluded from the training set, representing novel classes.

For this study, the front camera is employed to capture urban traffic scenarios
across multiple predefined towns, incorporating various weather conditions
and times of day. The training and evaluation processes utilize the provided
ground-truth 2D bounding boxes for objects classified as person, car, bicycle,
motorcycle, truck, and van. In total, the dataset comprises over 10 000 images
with 25 000 bounding box annotations across the specified classes. The dataset
is divided into training and validation sets in a 70%:30% ratio. Importantly,
all images containing at least one object from the classes truck and van are
excluded from the training set. This exclusion ensures that these classes are
classified as unknown unknowns, as defined in Sec. 3.2, thereby facilitating the
evaluation of the object detection models’ capabilities in open set scenarios.

In contrast to the synthetic dataset, the nulmages dataset represents a large-
scale, real-world collection of driving scenarios. It encompasses diverse urban
and highway traffic scenarios from cities in the USA and Singapore. Given
that the number of instances for certain open set classes in the validation
set is insufficient to draw meaningful conclusions regarding their open set
performance, images from the training set that contain at least one open set
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object are added to the validation set. The resulting label distributions for both
datasets are provided in Ch. A in the Appendix. Unlike the synthetic dataset,
where open set performance is evaluated based on the classes truck and van —
both of which closely resemble the closed set class car — the open set classes
proposed for the nulmages dataset are selected to encompass a broader range
of unknown classes, such as wheelchair, stroller and personal mobility. Overall,
this dataset enables the evaluation of detection models in significantly more
complex and diverse traffic scenarios.

The nulmages dataset inherently features a hierarchical class structure as in-
troduced in the publication [Cae20]. However, minor modifications are im-
plemented to enhance comparability with the synthetic dataset hierarchy.
Specifically, the classes adult, child, and construction worker are consolidated
into the category pedestrian. Additionally, the superclasses living, commer-
cial, and two-wheeled are incorporated, and the root class object is introduced
to satisfy the criteria for a valid hierarchy, as outlined in Sec. 3.3. The final
hierarchical structures are depicted in Figs. B.1 and B.2 in the Appendix. Simi-
lar to the synthetic dataset, both fine-grained and coarse-grained hierarchical
class taxonomies are proposed, with the fine-grained hierarchy serving as the
default for all experiments unless otherwise indicated. The primary objec-
tive is to assess the impact of the hierarchy on the classifier performance, as
detailed in Sec. 6.4.

6.2 Network Architectures

Basic object detection models are not capable of explicitly classifying objects
from unknown classes alongside known classes. In order to provide fur-
ther information about each detected object, an unknown-aware classifica-
tion head is proposed in this section to classify the detected objects into a
predefined hierarchical taxonomy, as shown in Fig. 6.1.

73



6 Hierarchical Class Taxonomies for Detection Tasks

Inspired by the network architectures presented in Sec. 2.3, an unknown-
aware hierarchical object detection loss is introduced:

Loa(y,9) = Z [Lr(ci, ) + @opLioc(lis )] (6.1)

A

where L, represents the unknown-aware hierarchical classification loss
between the one-hot encoded ground-truth label c¢; and the predicted class
scores €;. £, is the regression loss between the ground-truth bounding box
I; and the predicted bounding box [;. The two losses are weighted by wop.

!
Lioe Ly
t 1

hier. class
&

Figure 6.1: The proposed architecture for unknown-aware object detection in this section
with the modifications to general object detection models highlighted in red. The
hierarchical classification head is trained with hierarchical class labels, e.g., ob-
Ject.vehicle.bus.

Hence, the unknown-aware hierarchical object detection is split into two sep-
arate tasks, following a two-stage object detector fashion: Localization and
classification.

6.2.1 Localization

As introduced in Sec. 2.3, mainstream object detection architectures, e.g.,
Faster-RCNN and Detection Transformer (DETR), demonstrate their gener-
alization ability and performance on closed set tasks with high precision and
recall. In order to achieve unknown-aware object detection, the previously
unknown objects need to be localized first, where the existing RPN from
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the Faster R-CNN models is required to fulfill the requirements of class-
agnostic object detection. It is shown that the two-stage models perform
better in an open set setup compared with their one-stage counterparts like
YOLO [Dha20]. Despite the absence of the RPN, DETR generates a fixed num-
ber of object proposals given a certain input image. During the training of
the DETR model, the network implicitly learns to provide such class-agnostic
matching by using the Hungarian algorithm to match the ground truth and
predicted bounding boxes, encouraging the model to focus on various parts
of the image. The generalization ability of classical RPN and transformer
models is further investigated empirically in Sec. 6.3.

6.2.2 Classification

As conventional object detection only concentrates on selecting one class
from a predefined closed set, new training and evaluation schemes for hi-
erarchical object detection need to be introduced. In this part, three major
methods are implemented and compared for the evaluation. Inspired by the
work of Li et al. [Li22c], a multi-label binary classification scheme represent-
ing the leaf classes and their corresponding categories that incorporate the
class taxonomy is chosen. During inference, a confidence-based stop crite-
rion for the prediction is utilized in order to obtain the relevant superclass as
prediction from the localized Region-of-Interest of the unknown object. In ad-
dition, frequently used relabeling and leave-one-out methods from Lee et al.
[Lee18a] are also evaluated. As a baseline, the method with the modifications
on the output logits proposed by Hosoya et al. [Hos22] is utilized. This method
leverages a simple ratio of top-1/top-2 between the top two class scores from
the output logits y, which is compared with a predefined threshold 4.

Hierarchical Constraints (HC)
Following Li et al. [Li22c], hierarchy incorporated classification f,; can be

formulated as a multi-label classification problem, where the root-to-leaf path
in the class hierarchy J is uniquely defined. The predicted scores from J;
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6 Hierarchical Class Taxonomies for Detection Tasks

follow the hierarchical constraints for their positive and negative proper-
ties [Billa, Li22c] concerning their class hierarchy and, therefore, predict the
scores § = sigmoid(f,;(x)) based on the Ny, detected objects x € RNwxD
where D is the feature space dimension.

In addition, to further incorporate the class hierarchy, a hierarchical repre-
sentation learning strategy is utilized as an additional regularization term to
ensure that the feature encoder efficiently distinguishes feature representa-
tions from various superclasses.

Therefore, the classification head is trained on a combined loss from a bi-
nary cross-entropy loss £y that is related to the hierarchy-conform predic-
tion scores and the tree-triplet loss £, on the generated features of the cor-
responding class i, the positive samples from the positive superclasses it and
the negative samples from deviating superclasses i~ that can be formulated as:

Lh = Ahc(ﬁhc’ yh) + a)tt'att(i’ i+, l_) (62)

To ensure classes can be appropriately identified as either congruent or in-
congruent with respect to the extracted feature representations, the inverse
similarity 1 of the classes within the hierarchy J” is utilized for calculating
the tree-triplet loss:

P, = (6.3)

fﬂ‘( )

where the function f; returns the number of shared superclasses y* or y~
with the anchor class y. All classes share at least one root class v".
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During the inference, it is also essential to distinguish if an object should be-
long to the superclass or its related child classes, as the confidence-based clas-
sification condition is defined to predict the class label py,.:

argmax Py, if confident,
Pne = ¥'€X) (6.4)
N otherwise,

where J,,. are the predicted hierarchical class scores, and y(s) are the child
classes of the current superclass s. This process is repeated until the predicted
class label . reaches the leaf node or the prediction is not confident enough
so that the prediction keeps at the corresponding superclass [Lee18a], where
the confidence is measured by the Kullback-Leibler (KL) divergence between
the softmax scores and a uniform distribution U(|s) compared to a defined
confidence threshold Ay to determine the confidence:

Dy (UCIs) || softmax(@pe () ) = A (65)

Relabeling (RL)

Object detection models that are trained on a closed set often misclassify pre-
viously unknown objects as a known class with high confidence [Dha20]. To
mitigate this, relabeling a subset of known leaf class instances to their ances-
tors during the training phase could help shape the feature representations
of the known ancestor classes. This approach should have a negligible effect
on the detection performance of the previously known classes, considering
that the superclass representations derive from all of its leaf classes. Conse-
quently, these representations inherently increase the robustness of the rep-
resentations from the superclass as a greater degree of dissimilarity from the
known leaf classes is mixed during training.
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6 Hierarchical Class Taxonomies for Detection Tasks

During training, the known leaf classes in the hierarchy v € J are relabeled
to their superclasses s(v) in the hierarchy:

_\s(v) ifb, =1,

(6.6)
v otherwise,

Yhr

here b, is drawn from a binomial distribution Binomial(p), where p defines
the relabel probability to the corresponding superclasses. Then, the one hot-
encoded label vector yy,, € {0,1}71 over all nodes in the hierarchy 7~ is gen-
erated.

Leave-One-Out (LOO)

For comparison, a leave-one-out strategy [Lee18a] is employed where, during
the training phase, each superclass s € €, from the set of ancestor classes
C, within the hierarchy T is selected. This strategy involves removing the
related descendants Cp(s) from the class taxonomy. Consequently, all labels
from the removed descendants are reclassified to the corresponding superclass
s. In this situation, the hierarchical classification loss is formulated as:

Lo=Ls+ Y Lreys) 6.7)

SECH

where the hierarchical loss consists of the normal cross-entropy loss with all
nodes in the hierarchy and the sum of the losses with certain descendant re-
labels as their ancestor class £.¢ (5). With the help of the Relabeling and
Leave-One-Out strategy, the model is able to learn the general visual proper-
ties of the superclasses due to the composed class taxonomies during training.

6.3 Experimental Setup and Results

As introduced in the Sec. 6.2.1, the closed set and open set performance of
the two baseline object detection models Faster R-CNN [Ren15] and De-
formable DETR [Zhu21] is evaluated. The second step, the evaluation of
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hierarchical classification, is based on the model architecture with better
generalization ability. The evaluation strictly follows the datasets that are
created in Sec. 6.1. During training, a full-disjoint setting is utilized where
the unknown classes are not represented. The frames that contain unknown
classes are used for evaluation. To avoid data leakage, the image encoder
used for the experiments is pre-trained using a self-supervised scheme on
ImageNet [Car21], as some of the unknown classes in the setup are given in
the vanilla pretraining setup with ImageNet-1k.

The output of the Deformable DETR model has the size (N, - |Y]), where Ny,
is the number of bounding box predictions and |Y| is the number of classes.
To mitigate the potential issue that one bounding box may be selected several
times with different class labels, the sigmoid function at the prediction head
is replaced with a softmax function, ensuring that only the class prediction
with the highest score is selected. To avoid manual selection of the best score
threshold for each model, e.g., based on the Precision-Recall curve computed
over several thresholds, a score threshold based on the number of bounding
box predictions is implemented with softmax(y) > 1/Ny;,. Open world ob-
ject detection models OW- DETR [Gup22] and the modifications introduced
in Hosoya et al. [Hos22] for the baseline Deformable DETR model, noted as
Deformable DETR”, are utilized for the comparison with other models.

Object Localization

As introduced in Sec. 6.2, the generalization ability of the object detection
architectures is evaluated first, as it is essential to generate corresponding
bounding boxes for the following classification step from the Faster R-CNN
and Deformable DETR. The metrics used for evaluation are the mAP, AR of
the known classes, WI, and A-OSE that are introduced in Sec. 3.2. To address
the ability that the models have for previously unknown classes, the Average
Recall of the unknown classes, noted as AR, is also reported. The evaluation
results on the two datasets are shown in Tab. 6.1.
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Table 6.1: Localization performance of the two main stream object detection models, Faster R-
CNN and Deformable DETR, on known and unknown classes in %. The models are
trained in a disjoint setting, where only the known classes are available in the training
set.

Model mAP (1) AR(1) WI({) A-OSE(l) AR,(1)
Synthetic Dataset

F. R-CNN 49.51 64.68 3.73 2 226 56.58
De. DETR 60.68 70.86 7.65 2396 68.07
nulmages
F. R-CNN 57.20 76.30 1.71 11 741 55.15
De. DETR 61.61 76.97 0.85 5 805 52.06

It can be observed that the Deformable DETR outperforms Faster R-CNN in
the closed set setting with a significant advantage in dealing with the syn-
thetic dataset. On the real dataset, nulmages, the Deformable DETR model
is less affected by the previously unknown objects indicated by lower WI
and fewer absolute error detections. Those observations reinforce the widely
held view that the vision transformers only generalize well when trained on
large, diverse datasets, whereas the CARLA-based synthetic dataset is limited
in both size and variety [Bai21]. However, when data leakage is systemati-
cally prevented by dataset design, the Deformable DETR model shows better
generalization ability on detecting unknown objects measured by AR, with
more than 10% advantage. Based on the observations, Deformable DETR is
chosen as the base architecture for further experiments in the hierarchical
classification task.

Hierarchical Classification

As described in Sec. 6.2.2, three strategies for considering class hierarchies are
evaluated in this subsection. If not stated otherwise, two empirically selected
hyperparameters for the classification head are used for the evaluation. The
confidence threshold Ay = 0.05 guarantees the balance of the known and un-
known class performance on the synthetic dataset and the nulmages dataset,
and the relabeling rate p of 15% is selected. In Tab. 6.2, the comparison of the
proposed models and the baseline open set/world models is shown. It can be
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observed that the OW-DETR model is more robust dealing with the differen-
tiation of the unknown and known classes in unknown-aware object detec-
tion, as evidenced by its lower WI, A-OSE scores and the highest closed set
mAP on both synthetic and real-world datasets. The model that applies only a
simple uncertainty thresholding method achieves a high average recall of the
unknown classes in both datasets. Relabeling all uncertain predictions to the
unknown also decreases the closed set mAP and AR. With the three proposed
hierarchical classification methods, a balance of known and unknown classes
can be found without the prerequisite of pretraining on data that include un-
known classes in advance. It can be seen that both relabeling-based methods
achieve noticeably better performance compared to the confidence-based hi-
erarchical constraint method on the synthetic dataset. This can be explained
by the fact that the unknown classes are visually similar to the known classes
in this setup. LOO demonstrates the best mAP, of 7.3%, which is almost dou-
ble that of the next best model from the hierarchical methods. Compared to
Deformable DETR", LOO shows a better tradeoff between recall and precision
evaluated on the unknown classes. In addition, the closed set performance
of the two relabeling methods also outperforms the hierarchical constraint
method. A detailed analysis can be found in the upcoming subsection, where
the hierarchical classification behavior is discussed in detail. Nevertheless,
the proposed HC shows its strength when the scenes become more complex,
as demonstrated with the nulmages dataset, achieving balanced closed and
open set performance.

81



6 Hierarchical Class Taxonomies for Detection Tasks

Table 6.2: Overall evaluation of the open set object detection models based on Deformable DETR
model with the synthetic and nulmages dataset in %. U. in Tr. denotes unknown
classes in training and Hier. denotes utilizing class hierarchy.

Model  U.inTr. Hier. mAP () AR(]) mAP.(]) AR,(]) WI() A-OSE(})

Synthetic Dataset
Def. DETR” 51.25 56.50 0.36 47.19 9.75 2036
OW-DETR v 64.72 67.41 0.12 10.35 0.30 375
HC v 53.09 61.81 0.08 1.39 6.98 2216
RL v 53.18 67.03 4.38 31.00 7.47 2425
LOO v 53.20 65.88 7.34 36.91 7.82 2 641
nulmages
Def. DETR” 44.09 45.83 1.18 63.10 0.92 775
OW-DETR v 51.98 56.13 0.005 9.42 0.15 196
HC v 42.20 50.24 1.14 10.54 1.56 2431
RL v 45.65 68.37 0.22 10.90 2.82 6762
LOO v 43.94 64.86 0.32 8.69 2.41 6574

Hierarchical Classification Behavior

By examining the confusion matrices presented in Figs. 6.2 and 6.3, a detailed
analysis of the classification error on various hierarchy levels is conducted. In
the confusion matrices, all rectangles in dark blue depict the predictions made
in the known classes, whereas the red rectangles denote those predictions
classified into their corresponding superclasses.

For the synthetic dataset, the hierarchical constraint (HC) is prone to mis-
classifications into the root class object shown by the orange box. In con-
trast, relabeling (RL) and leave-one-out (LOO) approaches show far less con-
fusion for the object class, instead, a higher rate of confusion appears between
the two-wheeled vehicles, namely motorcycle, and bicycle, as indicated by the
green rectangle. Moreover, RL and LOO exhibit a more significant number
of misclassifications between the known classes and the related superclasses,
which are depicted in orange. This discrepancy arises as a byproduct of the
relabeling strategy implemented in these models. Nevertheless, RL and LOO
achieve a higher number of correctly classified unknown objects, specifically
truck and van, into the most relevant superclass vehicle. Across all models,
there is a notable confusion between the unknown classes — truck and van —
with the known class car, as highlighted in grey at the lower left corner of
the confusion matrices.
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Turning to the nulmages dataset, similar to the observations from the syn-
thetic dataset results, HC frequently misclassifies known class detections as
unknown, as shown in orange. Moreover, the relabeling-based model exhibits
confusion within the known classes truck, trailer, and bus, as seen in the bright
blue box, while HC erroneously classifies these as the direct superclass com-
mercial. In addition to that, HC often misclassifies the unknown class con-
struction vehicles into the known class car and truck. This misclassification
trend is observed to extend to the known classes trailer and bus in RL and
LOO, shown in grey. Notably, in all models, most detections from the un-
known classes within the vehicle category are misclassified into the known
classes. In RL and LOO, these misclassifications extend to the superclasses
two-wheeled and living, which can be observed in the orange rectangles at
the lower right corner. This phenomenon can also be attributed to specific
labeling policies within the nulmages dataset, which will be further elabo-
rated upon in the subsequent section. Consequently, only a limited number
of unknowns are accurately classified into their corresponding most related
superclasses, as shown in the yellow boxes. Additionally, due to the relabel-
ing strategy in RL and LOO, there is significant confusion between the known
classes — bicycle, motorcycle, and pedestrian — and their direct superclasses,
two-wheeled and living, respectively.

In addition, the qualitative results of the proposed unknown-aware hierar-
chical object detection models are shown in Fig. 6.4 compared with the base-
line Deformable DETR, where the unknown class ground truth and predicted
bounding boxes are visualized for clarity. The baseline Deformable DETR
gives positive predictions for many unknown class objects that reconfirmed
the quantitative results above and from Dhamija et al. [Dha20]. In contrast,
the proposed hierarchical models are capable of correctly detecting and clas-
sifying the unknown class objects, despite some models still misclassifying
known classes into the wrong hierarchy level, which is usually considered
less critical.
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6.4 Ablation Study

6.4 Ablation Study

Influence of Hierarchy

The definition of the class hierarchy is a pivotal element in hierarchical classi-
fication, as it directly determines how the classes interact during training and
inference. Therefore, the ablation study examines the effect of utilizing differ-
ent class hierarchies — in addition to the fine-grained hierarchy introduced in
Sec. 6.1 — also a coarse-grained hierarchy that eliminates all the superclasses
beyond level 2, as depicted in Fig. B.2 in the Appendix. For the ablation study,
LOO is selected as it demonstrates superior performance across all tasks with-
out necessitating manual stop criteria selection, which is necessary for the
hierarchical constraint method.

The comparison of the models trained on different hierarchical granularities
is displayed in Tab. 6.3. With the synthetic dataset, where the diversity of
the recorded driving scenes is limited by the available simulation assets and
render engine, the fine-grained class hierarchy of known classes enhances
the model’s ability to detect known and unknown classes, with the excep-
tion of differentiating open and closed set classes indicated by slightly worse
WIL. In the large-scale nulmages dataset, although the inclusion of additional
superclasses marginally impacts the closed set mAP and AR, utilizing a fine-
grained hierarchy significantly increases the open set performance shown by
mAP, and AR, and in addition balances the detection of all the classes. Such
findings suggest that employing various class hierarchies has a considerable
impact on the model’s open and closed set performance. A use-case specific
class hierarchy is essential to guarantee optimal performance, as the utilized
hierarchy is intricately linked to the data characteristics pertinent to concrete
driving scenarios, which may vary from urban to highway environments.
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Table 6.3: Evaluation of leveraging LOO strategy for unknown-aware object detection using the
fine- and coarse-grained class hierarchies in %

Hierarchy mAP AR mAP, AR, WI A-OSE
Synthetic Dataset

Fine 53.20 65.88 7.34 3691 7.82 2641

Coarse 51.70  65.61 7.08 3457 749 2785
nulmages

Fine 4394  64.86 0.32 8.69 241 6574

Coarse 45.87 67.03 0.007 1.40 2.47 7 387

Level-1 Comparison

In the classical evaluation scheme with class-based mAP and AR, the advan-
tage of leveraging class hierarchy with the corresponding superclasses is not
fully addressed. The models’ performance is analyzed based on their first hier-
archical level from the root, as shown in Sec. 6.1. For the synthetic dataset, the
superclasses are vehicle and person, while the two superclasses vehicle and liv-
ing in nulmages are reported. Since Average Precision and Average Recall are
calculated for these superclasses, predictions belonging to descendant classes
are mapped to their ancestors. Table 6.4 represents the classification perfor-
mance together with the confusion matrices in Figs. 6.2 and 6.3, which shows
that the HC method exhibits the best average precision based on high hierar-
chy level, especially with large-scale real datasets like nulmages. However, as
observed from the confusion matrices from Figs. 6.2 and 6.3, HC tends to clas-
sify objects conservatively, resulting in confusion with the root classes and
consequently lower performance when evaluated on leaf nodes V,,. Within
the nulmages dataset, all models misclassify certain unknown classes, specif-
ically personal mobility, stroller, and wheelchair, into the living category. This
can be explained by the fact that the nulmages dataset has a labeling policy
to treat the vehicles and their rider as a single object.
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Table 6.4: Level 1 comparison of the hierarchical object detection models on the synthetic and
nulmages dataset.

Model mAP(1) ARy, (1) AP(1)
vehicle person/living
Synthetic Dataset

HC 63.74 71.32 67.44 60.04

RL 58.84 72.23 64.18 53.49

LOO 61.11 73.18 66.87 55.34
nulmages

HC 73.66 80.90 78.29 69.04

RL 60.59 83.40 65.63 55.55

LOO 61.97 84.04 67.77 56.17

6.5 Conclusion

This chapter addressed the challenge of classifying unknown objects within
a predefined hierarchy while being able to detect previously known classes.
The proposed hierarchical open set object detection approach aims to iden-
tify novel classes that are not encountered during the training process by
categorizing them into the most relevant superclasses, where an unknown-
aware hierarchical object detection model is introduced. The model com-
prises two primary tasks similar to the two-stage object detection models:
Localization and hierarchical classification. Various training strategies com-
plemented with class hierarchies are examined to assess their efficacy in de-
tecting unknown objects. Experimental results indicated that the proposed
method achieves promising performance in both open and closed set scenar-
ios with prior knowledge. Additionally, the experiments underscored the sig-
nificance of selecting a class hierarchy tailored to the specific use case and
the visual proximity of objects.
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7  Hierarchical Class Taxonomies as
Contextual Knowledge for
Semantic Segmentation

While Ch. 6 focused on the detection task, this chapter elaborates on leverag-
ing hierarchical taxonomies for semantic segmentation tasks. In the previous
work for evaluating semantic segmentation models, the distinction between
a classification error that assigns a similar class compared to its ground truth
class with respect to the specified use case and one that assigns a significantly
different class is often overlooked. Similar to the previous section, the class
hierarchy is utilized in this section to evaluate the open world performance
of semantic segmentation models, which leads to the following hypotheses in
Research Question 2 discussed in Sec. 7.1.

Research Question 2: How can hierarchical taxonomies be lever-
aged in downstream computer vision tasks to evaluate and improve
the generalization ability of the trained neural networks?

« Hypothesis 2.2: A use case-relevant class taxonomy can facilitate
the evaluation of domain generalization and the performance of en-
countering novel classes.

«+ Hypothesis 2.3: Appearance-based class hierarchies can be learned
implicitly from the given datasets, which helps the neural networks
to understand the semantic difference between objects better. How-
ever, the class hierarchy for the criticality evaluation is highly use-
case relevant.
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7 Hierarchical Class Taxonomies for Segmentation Tasks

« Hypothesis 2.4: The usage of hierarchical taxonomy is task-agnostic
with respect to the aforementioned computer vision tasks.

In Sec. 7.2, it is further investigated how the class hierarchy can then be lever-
aged to mitigate corner cases and improve learning efficiency when only a
limited amount of data from the novel classes is available, using FSSS meth-
ods. Research Question 3 and its hypothesis are formulated as follows:

Research Question 3: Does the class hierarchy reduce the required
effort for training in computer vision tasks since the training process
becomes more effective and the amount of data needed for training
decreases?

« Hypothesis 3: A new class that shares some similar properties can
be learned with fewer training samples with consideration of hier-
archical class taxonomies.

The content of this chapter is based on the publications of the author in the
proceedings of the 2023 IEEE / CVF Computer Vision and Pattern Recog-
nition Workshops [Zho23b] and the 36th IEEE Intelligent Vehicles Sympo-
sium [Zho24a].

7.1 CER as a Category-Aware Metric for
Domain Generalization

This section introduces a novel evaluation metric that specifically emphasizes
inter-category errors. For instance, misclassification between truck and bus is
less critical compared to confusion with a class that is from Vulnerable Road
Users (VRUs) category, such as pedestrian. As introduced in Sec. 2.4, current
evaluation metrics presuppose that the predicted class should exactly match
the ground truth, neglecting the distinction between classification errors that
are inside and outside of the given category. Although the classical evalu-
ation metrics, e.g., IoU and accuracy, can be calculated based on the object
categories instead of the classes, this approach does not provide any insights
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7.1 CER as a Category-Aware Metric

into whether a specific class within a certain category exhibits a higher er-
ror rate in comparison to other classes. Such property inhibits the evaluation
of underrepresented classes in the datasets. To address this limitation, the
proposed evaluation metric, termed the Critical Error Rate (CER), focuses on
the error rates of the predictions that fall outside the ground truth category
of class c:

FPout,C + FNout,c

CER, = —/——————— 7.1
¢ TP, + FP, + FN, 7.

where FP,, . = Z M, and FNg, . = Z M,
c’'eC X, c'eC XK

given the confusion matrix M, which has a dimension of | €| X| €| (predictionsX
ground truth) and X, the set of classes in the same category as c. The numer-
ator in CER includes the sum of false positive and false negative predictions
that are outside the ground truth category of class ¢ (FPyy ¢ + FNgy ), while
the denominators remain consistent with the IoU metric to ensure compara-
bility. It can be observed that CER, € [0,1] and IoU, + CER, < 1,Vc € C.

In scenarios involving novel classes, where a class has not been encountered
during training, the network does not generate predictions for that novel
class, so FN, > 0 and TP, = FP, = 0. In such cases, CER simplifies to
represent the proportion of segmentation predictions that do not belong to
the correct object category calculated as follows:

_ FNout,C _ ZC'EC’\?CC MC/:C (7 2)
~ FN, FN, ‘

CERgovel class

Compared to the IoU metric, where the prediction errors are treated equally
across the classes, the error rate outside of the category highlights errors
deemed more critical due to shifts in object categories in comparison with
the ground truth. Furthermore, the CER metric serves as an indicator of the
network’s generalization capability, as the novel classes are classified into the
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7 Hierarchical Class Taxonomies for Segmentation Tasks

same object category given a use-case specific class hierarchy. This evalua-
tion does not require extensive annotation of a novel class set as a prerequisite,
facilitating the evaluation of domain generalization.

This section focuses primarily on appearance-driven class taxonomies that
are predefined by the semantic segmentation datasets, which can be found
in Ch. B in the Appendix. However, specific tasks, such as motion behav-
ior prediction, represent divergent challenges in the definition of class hi-
erarchies, as confusion between motorcycle and bicycle is more critical due
to their differing motion patterns despite their similar semantic properties.
Consequently, as shown in the previous section, the class taxonomy used for
evaluation should be adjusted to specific use cases rather than being consid-
ered as a natural constant. In Sec. 7.1.3, various class hierarchies are examined
for robustness, since appearance-based hierarchies may not always represent
safety considerations.

7.1.1 Experimental Setups

The aim of the experiments is to assess the impact of employing various image
encoders and decoders on domain generalization performance. Three differ-
ent setups are utilized to quantify differences:

« On Source Domain: At the first step, domain generalization perfor-
mance is evaluated solely on the source domain to exhibit the inherent
properties of intra- and inter-category confusion without any domain
shifts. In this setup, models are trained and evaluated independently
using two mainstream datasets, Cityscapes or Mapillary, focusing on
the comparison of IoU and CER for the categories human and vehicle.

« Under Domain Shifts: The visual appearance of objects changes but
the list of the available classes remains consistent. In this context,
Cityscapes and Mapillary serve as the source datasets, with evaluations
performed on class instances that share definitions across the A2D2,
ACDC, and BDD100k datasets.

« With Novel Classes: In this setup, an open world heterogeneous setup
is considered, where the domain changes and the appearance of new
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7.1 CER as a Category-Aware Metric

classes emerge simultaneously. Similar to the domain shift setup, net-
works are trained on the two source datasets and evaluated on the A2D2
and Mapillary datasets, with particular emphasis on the novel classes.

Unless stated otherwise, experiments are repeated three times to calculate av-
erage values and standard deviations. For the image encoders, three different
sizes from the ResNet family that are frequently used in computer vision re-
search are investigated. In addition, due to the rapid advancement of current
transformers or heavily transformer-inspired models, ConvNeXt [Liu22b],
Swin Transformer [Liu21b] and SegNeXt [Guo22] encoders with corre-
sponding network sizes paired with their ResNet counterparts are analyzed.
For the image decoders for segmentation, the frequently-used ASPP head
from DLv3+ [Chel8] and the UPerNet decoder head [Xial8], which is
frequently paired with current state-of-the-Art encoder architectures, are
compared as benchmarks. Additionally, simple and frequently used decoder
heads such as FCN [Lon15] and the pyramid pooling module [Zhal7] are
considered in the upcoming experiments. The training sessions employ the
same number of iterations and network parameters across the datasets to
ensure comparability. The SGD optimizer with a base learning rate of 1x 1072
is utilized for all the networks with ResNet backbones and the AdamW opti-
mizer with a base learning rate of 1 X 10~# for other backbones. The training
is scheduled with a linear warm-up policy with 1500 iterations. The back-
bones are pretrained with ImageNet-1k [Rus15a]. A batch size of 8 is used
for the training across the datasets to train the network with 80k iterations
with crop size of 1024 X 512. During training, common data augmentation
methods like random flip and photometric distortion [MMS20] are applied
to increase the data variety. For simplification, methods like auxiliary head
or stage-wise learning rate decay are not applied during training, although
they may contribute to better network generalization or training stability.
Since there exists higher uncertainty in the networks when the input data
distribution drifts away from the source, the training sessions are repeated
three times and the average values of each class are reported.
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7 Hierarchical Class Taxonomies for Segmentation Tasks

7.1.2 Experiments
Source Domain

Table 7.1 depicts the results of directly evaluating on the Cityscapes dataset,
noted as C, after training with various backbones and segmentation heads.
It can be observed that the CER negatively correlates with the IoU, which is
inferred from the fact that the absolute error made by a network decreases
as the segmentation performance improves as illustrated in Eq. (7.1). Due to
this characteristic, most models exhibit comparable CER values below 15% on
the Cityscapes dataset, except models with a small backbone and with FCN
decoders, where the absence of high-quality multi-scale features also leads to
lower IoU on the source domain. In addition, it can be observed that semantic
segmentation models with smaller backbones bias towards out-of-category
classification when a prediction error is made, which suggests that such er-
rors are significantly influenced by the quality of the feature representations
generated by the image encoder.

In contrast, the SegNeXt-S model, although achieving IoU performance com-
parable to the ResNet-101 backbone combined with the ASPP decoder, ex-
hibits a higher rate of out-of-category errors. This indicates that when a clas-
sification error occurs, the SegNeXt-S model is more likely to miscategorize a
pixel to a different object category, posing a greater safety risk.
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7 Hierarchical Class Taxonomies for Segmentation Tasks

Table 7.2 depicts the evaluation of three mainstream models with various
backbone and decoder architectures on the Mapillary dataset, noted as
M. These models represent classical CNN-driven semantic segmentation
networks based on ResNet backbones, modernized CNN models like Con-
vNeXt, and the current state-of-the-art segmentation models on Cityscapes
(SegNeXt). Compared to the Cityscapes dataset, the Mapillary dataset has
a significantly greater variety of available classes. Despite its complexity,
it can be observed that the mean IoU and mean CER are still negatively
correlated. For those classes that are underrepresented in the training set,
such as other rider, trailer, and rails, the models achieve relatively low IoUs,
especially for the class other rider, even the model with the highest learning
capacity yields an IoU of 0% on this class. Similarly, for the class trailer, only
models with modern architectures are able to segment this class correctly,
showing an IoU value up to 10%. It is posited that the class decision boundary
is influenced not only by the class itself but also by other classes sharing
similar semantic or visual properties within the same object category. An
increase in the network’s learning capacity also correlates with a reduction
in the Critical Error Rate.

For the trailer class, as reflected in the CER values, only a small fraction of the
predictions deviate from the vehicle category. Furthermore, although the other
rider class shows low IoUs, this does not necessarily mean that the predictions
are completely unreliable, as a large amount of detections still land in the
human category with other classes like pedestrian, bicyclist, and motorcyclist.
Similar patterns emerge with the classes, e.g., other vehicles and rails.

The analysis of results across Cityscapes and Mapillary indicates that the IoU
metric reliably reflects network performance when object instances are well
distributed across the classes and sufficient training data are available. In
datasets that confront the long-tail distribution problem with underrepre-
sented classes, the CER metric emerges as an important supplementary metric
for evaluating the performance of semantic segmentation models.
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7 Hierarchical Class Taxonomies for Segmentation Tasks

Domain Shift

In this setup, the generalization ability of the networks is assessed us-
ing known classes across three distinct target datasets: ACDC, which is
recorded in Switzerland with diverse weather conditions (noted as AC),
A2D2, which is collected in Germany with higher class granularity (noted as
A2), and BDD100k from the United States (noted as B). Given that ACDC and
BDD100k share the same label space with Cityscapes, models that are trained
on Cityscapes can directly infer on the images from two target domains
without any adaptation. The corresponding class- and category-specific
metrics can be calculated subsequently. In order to eliminate the potential
impact of network uncertainties, if not stated otherwise, the training sessions
for each network and dataset configuration are repeated three times with
specified seeds from the identical ImageNet-pretrained backbones. Average
metrics and their standard deviations are reported in Tab. 7.3 and Tab. 7.4.

Tab. 7.3 presents the zero-shot semantic segmentation performance of eight
distinct network architectures, containing widely-used classical CNNs, trans-
former models, and transformer-inspired CNN models individually paired
with two decoder heads: ASPP head and UPerNet head, with both heads
supporting multi-level feature inputs. For the selection of evaluated classes,
this section concentrates on underrepresented classes, in addition to the
frequently observed class person. It can be seen that the performance of the
models degrades from their source domain, as shown in Tab. 7.1. For certain
classes, for instance, train shows high standard deviations, indicating the
ambiguity of the learned class representations from the source dataset.

On the ACDC dataset, transformer and transformer-inspired backbones
outperform the classical CNN models, which demonstrates their capabil-
ity to learn more robust and generalized features as classes like person by
outperforming the equivalent architectures with 15% IoU and 10% CER,
where sufficient training samples are available in the training set. Besides
that, although ConvNeXt-Tiny and DeepLabv3 models with ResNet-50 back-
bone have similar performance on their source dataset, the Cityscapes, the
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7.1 CER as a Category-Aware Metric

ConvNeXt model shows 14% absolute mloU and 12% absolute mCER im-
provement on the ACDC dataset. Furthermore, such models with modern
image encoders also eliminate the detection errors that are located out of the
ground-truth category, observed by class truck that has 93.6% CER from the
ResNet-50 image encoder to 32% CER with ConvNeXt-Small. Similar results
are observed on the BDD100k dataset. Due to the divergent data distribution
of the class train, most models show poor performance for this class, as
indicated by low IoU scores in the dataset. However, most of the segmen-
tation predictions are still in the same object category, vehicle, rather than
other categories. A similar phenomenon is observed for the other vehicle
classes such as truck and bus: Despite the IoU values remain low compared
with those on ACDC dataset, where false predictions predominantly fall into
other object categories, the majority of predictions on BDD100k dataset still
belong to the vehicle category, as indicated by the CER values. The different
appearances of certain classes and deviated labeling strategies may also be
attributed to this discrepancy, as pickups are labeled as car in Cityscapes but
annotated as truck in BDD100k. In addition, as observed in the evaluation
on Mapillary dataset without domain shift, increased learning capacity leads
to lower critical error rates of the underrepresented classes. With a similar
number of parameters, modern model architectures using vanilla training
pipelines also outperform the classical CNN models with dedicated domain
generalization optimizations, as reported by Choi et al. [Cho21].

Given that the A2D2 dataset has a completely different label space compared
with the aforementioned datasets, a subset of overlapping classes with com-
mon semantics is selected for comparison and remapped to the Cityscapes
evaluation scheme. Domain shift experiments emphasize two major classes,
namely, car and truck, as both datasets are recorded in Germany, leading to a
similar semantic representation of both classes.

For the evaluation, the models are pretrained on the Cityscapes or Mapillary
dataset with identical training setups, including the number of training iter-
ations, batch size, and learning rate, for a fair comparison. Table 7.4 presents
the evaluation of the generalization ability of those models that are pretrained
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7 Hierarchical Class Taxonomies for Segmentation Tasks

on either dataset and evaluated on the A2D2 dataset. It is evident that net-
works using a small image encoder (ResNet-18) trained on the Mapillary data-
set outperform larger models (ResNet-101) trained on Cityscapes. Similarly,
the smaller ConvNeXt-Tiny backbone models trained on the Mapillary dataset
outperform the much more sophisticated ConvNeXt-Base models with higher
IoUs, lower error rates, and reduced standard deviations during evaluation.
These findings are consistent with recent work by Piva et al. [Piv23], showing
the necessity of advanced pretraining for domain generalization performance.
Additionally, the superior generalization capabilities of transformer-inspired
models are confirmed [Wan23c, Bai21], as ConvNeXt-based models outper-
form classic ResNet-based models regardless of the training dataset employed
for pretraining.

Qualitative results of domain shift cases can be found in the rows a) and b)
of Fig. 7.1. Row a) illustrates a case where some models fail to segment an
instance of the class bus correctly. Nevertheless, the associated CER value
indicates that the majority of the pixels are still assigned to the appropri-
ate category, namely vehicle. The four models exhibit comparable behavior
and achieve similar performance from the aspect of out-of-category error.
Row b) depicts a scenario in which the class truck is interpreted differently
in the BDD100k dataset compared with the Cityscapes dataset. Although the
IoU for this class is very low, most of the pixels belonging to the instance
are nonetheless classified as car, which belongs to the same class category
as truck. This outcome stems from a shift in the class definition of the two
datasets, i.e., a concept shift.
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7 Hierarchical Class Taxonomies for Segmentation Tasks

Table 7.4: Source (C/M)—Target (A2): Evaluation of models trained on Cityscapes and Mapil-
lary, evaluated on two classes from A2D2 dataset that share the same label space. The
reported values are based on three runs.

Car Truck
Setup IoU% CER% IoU% CER%
R18 5.0401
g Rs0
S R101 5.0413 17.4.4,
2 Conv-T 91.8,0.4 4.0,0, 62.5,10 14.9,,,
O Conv-S 92.5,0.4 39,03 69.3.03 9.9.07
Conv-B 93.6.0.1 3.6.0.2 694,15 10.6.1 g
R18 92~510.3 4'1102 62~812.0 14'012.8
E‘ RSO 93-910,2 3-5:0_1 72.011.7 7'3;{:0.8
= R0l 94.3102 34,0, 737403 6.2.05
% Conv-T 94.210‘0 3‘410-1 74.010_3
= Conv-S

Conv-B

Novel Class

The most challenging step — evaluating the performance in previously un-
known classes — is further elaborated in this part. Note that such evaluation
is hardly feasible in the classical evaluation scheme utilizing traditional met-
rics like Accuracy and IoU, as the presence of true positive predictions is set
as a prerequisite. The evaluation of CER aims to determine whether the model
correctly infers the class category of an unseen object that belongs to a known
object category that was included during training on the source dataset.

Zero-shot evaluation was conducted using the A2D2 and Mapillary datasets
under a novel class setup, employing semantic segmentation networks previ-
ously trained on either the Cityscapes or Mapillary datasets. The CER values
for the novel classes utility vehicles and tractors from the A2D2 dataset, as well
as other rider, caravan, other vehicle, and wheeled slow from the Mapillary data-
set, are reported. All the aforementioned classes, except for other rider, which
is classified under the human category, fall under the vehicle category in both
the A2D2 and Mapillary datasets. For reference, the mloU values are noted as
performance indicators on the source domain. The average CER and standard
deviation of the relevant classes are reported to demonstrate the variability
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7.1 CER as a Category-Aware Metric

and stability across different seeds. Despite differing and inconsistent label-
ing policies across various datasets, the CER metric makes the evaluation and
comparison of semantic segmentation models possible. Additionally, based
on the observations from Tab. 7.4, networks previously trained on the Mapil-
lary dataset are also evaluated on the A2D2 dataset to observe differences in
model performance arising from variations in the source datasets.

Table 7.5 shows the comparison of the semantic segmentation models dealing
with previously unknown classes. Similar to the domain shift setup, the mod-
els exhibited different levels of generalization ability despite their compara-
ble performance on the source domains, Cityscapes, and Mapillary. Aligned
with the observations from Tab. 7.4, models trained on large-scale datasets
with high variety demonstrate impressive generalization capabilities, despite
achieving lower mean IoU compared with the Cityscapes dataset observed
by their IoU on the source domain, the Mapillary dataset. With identical
network architecture, segmentation networks that are previously trained on
Mapillary have significantly lower prediction errors that are located outside
of the ground-truth category shown by the two novel classes utility vehicles
and tractor.

In addition, consistent with previous observations on domain shift and on the
source domain, modern CNN and transformer models surpass ResNet-based
architectures by achieving lower CER and exhibiting smaller standard devia-
tions. With increased learning capacity, these networks are able to implicitly
differentiate objects across various categories based on visual appearance, as
such differentiation is not explicitly designated as a learning objective dur-
ing training.

Furthermore, it can be observed from the segmentation networks with UPer-
Net decoder that incorporating effective feature extraction from the images is
beneficial for domain generalization. However, ResNet-based models exhibit
greater performance variations, whereas modern backbones are less affected.
One possible assumption is that the introduction of new normalization layers
can mitigate such negative effects. ConvNeXt and Swin Transformer exhibit
different behaviors when encountering novel objects. Swin models have a sig-
nificantly higher error rate in the vehicle classes compared to the ConvNeXt
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counterparts despite both networks being trained under identical configura-
tions. Although the SegNeXt models achieve state-of-the-art performance on
the Cityscapes dataset, there is no guarantee that the learned knowledge can
be directly transferred to previously unknown domains and classes. Finally,
as observed in the experiments, the proposed CER can also be used as an in-
dicator of dataset variability, even when based on the CER scores for a single
semantic segmentation network.

Figure 7.1 also presents qualitative results for previously unknown classes,
illustrating images that contain object classes entirely absent from the train-
ing set. As discussed in this section, the IoU for the novel classes is zero
because no true positive predictions exist. Therefore, only the correspond-
ing CER scores for these novel classes are reported beneath each image. In
row c), although the class caravan does not appear in the training data, the
DeepLabV3+ and SegNeXt models correctly assign it to the vehicle category,
whereas the Swin-Tiny model segments it as building from the category back-
ground. When the segmentation results still correspond to the same object
category, such segmentation errors are deemed less critical. A comparable
phenomenon can be observed for the utility vehicle instances in row d).
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7.1 CER as a Category-Aware Metric

7.1.3 Ablation Study

The class hierarchies that are used for computer vision research are generally
derived from the visual distinctions between the classes. Two alternative hi-
erarchical concepts are proposed in this section to explore the potential safety
implications of utilizing different class taxonomies. Unlike traditional hierar-
chy definitions, these concepts categorize classes either by their motion be-
havior, e.g., variations in the velocities of the class riders and pedestrians, or
by whether they possess sufficient impact protection in a collision, e.g., if the
class belongs to VRUs. For simplicity, the study focuses exclusively on the
leaf classes V), within human and vehicle categories.

This ablation study aims to provide the insights of what a flexible and alterna-
tive class taxonomy could yield. Therefore, the Mapillary dataset, which offers
greater variety of scenes and classes, is selected for the evaluation. Two main
aspects are considered in the ablation study:

- Behavior-based Class Taxonomy: The proposed class hierarchy is
created based on the potential velocity of the classes. One possible use
case here is motion prediction tasks. The available leaf classes are di-
vided into two categories: one with considerably low velocities, such as
person and wheeled slow, and the other comprises motorized objects and
their riders, which can have higher speeds over a given time interval.

» VRU-based Class Taxonomy: This hierarchy bifurcates the leaf
classes from those two categories into VRUs, which usually do not
have sufficient protection in case of traffic accidents and non-VRUs.

The full class taxonomies used for the evaluation are available in Ch. B from
the Appendix. The ablation study concentrates on three major leaf classes:
Motorcyclist, other Rider, and Wheeled slow under various class taxonomies
as detailed in Tab. 7.6. The results indicate a significant variation in the re-
ported CER for the two classes motorcyclist and other rider after the taxonomy

has changed.

Evaluation under the VRU scheme demonstrates, in general, lower out-of-
category error predictions. One possible explanation for that is that there
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7 Hierarchical Class Taxonomies for Segmentation Tasks

is frequent misclassification among the VRU categories. For instance, it is
nontrivial to differentiate between the rider and the vehicle at the objects’
boundary, as for instance, wheeled slow and other rider are considered in the
same VRU superclass during evaluation, while they belong to two different
categories based on their visual properties.

The other hierarchical classification scheme, as shown in Tab. 7.6, presents a
challenge for the semantic segmentation networks as the number of critical
errors increases. This is attributed to the reliance on visual differences during
training optimization, while the evaluation metric categorizes visually simi-
lar classes into semantically distinct categories. For instance, the two visually
similar classes, bicyclist and motorcyclist, are not considered within the same
object category due to their motion differences, as it is nontrivial to differen-
tiate them merely based on visual appearance. In order to mitigate this issue,
specific training strategies to address such properties should be incorporated
during training.

Table 7.6: Ablation study on different class taxonomies with class hierarchy from Mapillary
dataset, its variant CERp based on behavior of the classes and CERy according to
VRU property. CER values are reported over three runs based on classes Motorcyclist,
other Rider, and Wheeled slow.

CER% | CERy% 1 CERy% |
Setup M R w M R w M R w
R18 20.9 332 665 36.2 32.9 431 114 24.6 344
R50 12.4 345 61.2 92.8 34.2 56.2 7.7 27.4 39.2
R101 13.4 314 68.2 92.3 30.3 49.8 8.9 26.3 39.2
CT 11.7 23.0 65.2 93.3 21.3 446 7.9 19.3 36.2
c-S 115 25.7 70.8 92.6 25.3 45.0 75 243 37.7
C-B 11.6 21.0 723 92.9 20.0 422 85 18.9 33.8

7.1.4 Conclusion

This section proposes a novel evaluation metric for semantic segmentation
that explicitly addresses the distinction between intra- and inter-category er-
rors. An initial evaluation of out-of-category errors on source datasets, in-
cluding Cityscapes and Mapillary, reveals that the optimization process of
underrepresented classes is heavily influenced by appearance-similar classes.
In a domain-shift setup, the generalization ability of modern architectures,
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7.2 Few-Shot Semantic Segmentation

particularly ConvNeXt, has been re-confirmed. Additionally, the importance
of data variety is demonstrated, which affects the performance of neural net-
works more significantly than the learning capacity of the models. Further-
more, the behavior of models when encountering a novel object is evaluated,
illustrating the differences between the models trained on different datasets.
In the ablation study, the impact of utilizing class taxonomies is evaluated that
are independent of appearance for the category-related semantic segmenta-
tion evaluation.

This section posits that a relevant class taxonomy can facilitate the evalua-
tion of domain generalization and the performance of neural networks when
encountering novel classes. However, the class hierarchy’s effectiveness for
criticality evaluation is closely tied to specific use cases. The application of
hierarchical taxonomy is considered task-agnostic across various computer
vision tasks.

7.2 Few-Shot Semantic Segmentation

After demonstrating that a class hierarchy can facilitate the evaluation of out-
of-distribution classes in the task of semantic segmentation, addressing the
interpretation problem of the semantic segmentation networks, this section
further leverages such class hierarchies to mitigate such corner cases. Due to
the nature of the long-tail distribution problem, some classes are underrepre-
sented in the training set. Therefore, one would utilize the limited amount of
data addressed in Sec. 5.2.2 with IP-INO by annotating the novel classes in the
raw datasets with FSSS methods as a preparatory step.

7.2.1 Prerequisites

Current FSSS research mainly emphasizes datasets with object-centric prop-
erties, such as Pascal VOC and COCO-Stuff, where the images contain one
dominant object class representing the essential visual properties. However,
scene understanding for the assisted and automated driving functions poses
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7 Hierarchical Class Taxonomies for Segmentation Tasks

greater challenges compared with the traditional datasets, as the properties
of the data may shift due to its specific use case. Figure 7.2 shows a histogram
of the proportion distribution of foreground classes in the images from the
frequently used object-centric and driving scene datasets.

Pascal VOC
MS COCO

Cityscapes
| Mapillary

Density

106 107 1074 1073 1072 107! 10°
Proportion of the foreground classes in the datasets

Figure 7.2: The distribution of foreground class proportions across four commonly used datasets
for Few-Shot Semantic Segmentation (FSSS).

For those datasets that emphasize driving tasks, due to the lack of background
class and according to the real use cases, dynamic classes from the categories
vehicle and human are chosen as foreground classes. The distribution of the
foreground classes reveals that, compared to the street scene datasets, the
foreground objects in datasets that are traditionally employed in FSSS are
more prominently featured. Specifically, for Pascal VOC, the foreground ob-
jects often occupy more than 10% of the image area. In contrast, COCO-Stuff,
where the scenes are becoming more challenging, has a foreground class ra-
tio generally between 1% and 10%. However, for datasets that contain driving
scenes, such as Cityscapes and Mapillary, the foreground classes tend to be
significantly smaller, representing only around 0.1% and 0.01% of the total
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7.2 Few-Shot Semantic Segmentation

area, respectively. Such discrepancy can be anticipated to result in notable
variations in the learning efficiency of FSSS models, partially attributable to
the insufficiently representative features generated for novel classes from the
support set.

However, in traditional FSSS research, novel classes within datasets are nor-
mally selected without considering the similarity between the novel classes
and the previously known classes. For instance, in the Pascal VOC-5! dataset,
20 classes are evenly split into four folds with i € {0, 1, 2,3}, each contain-
ing five classes based on their class index. As introduced in Sec. 3.3, previous
research frequently used the learning paradigm of utilizing all images and
all foreground classes from the training set. During training, the previously
known classes that are present in the image are utilized as base classes Cye-
One of the base classes, referred to as the targeted class, is selected to be re-
annotated as a binary segmentation map with the foreground as positive while
the rest of the pixels are annotated as the background. This aims to train the
meta learner so that it can use the learned features and generalize to further
novel classes. During evaluation, €, instead of Gy, is selected to perform
few-shot segmentation.

This section specifically concentrates on novel classes from the vehicle cat-
egory as a continuation of the previous Sec. 7.1. As shown in the previous
experiments, this setup is posited to be realistic for practical perception ap-
plications for assisted and automated driving functions due to the high varia-
tion in the appearance within the vehicle category, which also has inherently
higher deviation compared with other dynamic object classes from the differ-
ent categories, e.g., human.

In summary, this section will focus on the major aspects highlighted by
the blue dashed boxes in Fig. 7.3, aiming to obtain accurate feature rep-
resentations of novel classes despite variations among object instances
in driving scenes. The proposed and examined methodology is category-
and architecture-agnostic, which can also be easily applied to other object
categories beyond vehicle and not bounded to one certain network structure.
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Support Mask D Novel Class

Meta Output

N/

Merged Output

Base Output

Figure 7.3: Overview of a FSSS architecture [Lan22]. This section focuses on the application of
FSSS in complex driving scenarios, utilizing datasets containing street scenes illus-
trated in the left dashed box. Additionally, experiments are conducted to evaluate
the performance of the optimized feature extractors and the training organization of
the meta learner.

7.2.2 Proposed Methodology
Knowledge Integration

According to the prerequisites, it is assumed that the targeted novel classes
share common visual properties with some known base classes from the same
object category. In addition, the novel class set C,. is considered to belong
to a single category k€, specifically in this work with the category vehicle,

Esvel' During training, rather than employing a model that selects
all

base

noted as €
any class from the entire base set G, as the targeted class to train the meta
learner, the method leverages only those target classes that belong to the same
category k¢, noted as C’{f:se. This pre-selection of the base classes encourages
the model to focus on the most relevant category-specific features, avoiding
interference from unrelated classes and categories. Especially for some classi-
cal background classes, e.g., sky, features that focus on other visual structures
are required. Consequently, this enhances the performance in segmenting

unseen classes within category k€.
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7.2 Few-Shot Semantic Segmentation

The concept can be formulated as follows:

x = (kIINE (7.3)
cat, = {Chase iy (7.4)
Cle C x(k°) (7.5)
e C x(k) (7.6)
G NCha =0 (7.7)

where y returns a set of node v’s child nodes, X represents the complete set
of N categories, and k€ denotes a constant single category.

Effective Feature Extraction

The significance of representative feature extraction from support set images
for the performance of FSSS has been extensively discussed in existing re-
search [Hu23c, Zho23a, Zha22c]. As introduced in Sec. 3.3, the meta learner
utilizes features of novel classes from the image encoder by comparing the
similarity between the support and query images’ extracted features. There-
fore, effective and representative feature representations are bound to in-
crease the performance of the FSSS model.

In addition to the ResNet-50 model that is frequently used as a baseline in
current FSSS research, this study also extends the feature encoder with the
ConvNeXt encoder. For fairness, ConvNeXt-Tiny is selected due to its net-
work size, which closely matches that of the baseline feature encoder ResNet-
50. This selection facilitates an assessment of ConvNeXt’s feature extraction
capabilities, and eliminates model scale differences as a confounding factor.
Furthermore, calculating the similarity between the features constitutes the
primary factor in computational resource demands. As the final feature maps
from ConvNeXt-Tiny exhibit reduced feature dimensions and fewer channels
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compared to those extracted by ResNet-50, ConvNeXt-Tiny holds a signifi-
cant advantage as the image encoder for FSSS models, as the similarity com-
putation requires less time. Such effects are especially evident with high-
resolution images from the Mapillary dataset. However, this may adversely
affect the accurate representation of smaller objects.

Support Image Selection

FSSS is dependent on information about novel classes derived from a limited
number of support images to segment novel classes accurately. Compared
with the conventional FSSS dealing with object-centric datasets, as shown in
Fig. 7.2, there exists a substantial discrepancy in the ratio of the occupied area
by foreground objects between object-centric datasets and those primarily
comprising driving scenes. Consequently, the performance of FSSS models is
significantly affected by the quality of the support set in addition to the im-
age encoders. From the size distribution, it can be observed that a majority of
foreground classes in street scenes exhibit size ratios ranging from 10~* and
1072, In such circumstances, the feature representations that are generated
from the support image set might be limited and insufficient to accurately
represent the novel class due to the pose and texture of the object. To address
this, all support images for each novel class are sorted by the number of pixels
a certain novel class contains. As a result, multiple subsets are constructed for
each novel class, each comprising the top p; percent of the sorted support im-
age set, where p = {10- i}ilgl. Based on the predefined subsets, the inference
is conducted using a subset that contains novel class instances with various
sizes as a support set to evaluate the impact of support image quality on the
segmentation performance of FSSS models.

7.2.3 Experimental Setup
For the experiments, two mainstream datasets are used for evaluation, the

Cityscapes dataset and Mapillary dataset, which are introduced in Sec. 2.4.
Concentrating on the category vehicle, the main emphasis in the Cityscapes
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dataset is the three novel classes, train, motorcycle and truck, and in the Mapil-
lary dataset, the classes caravan, trailer, train, boat, and wheeled slow are used
according to the annotation policy (v1.2). These classes are selected based on
their frequency of occurrence in the datasets, as this section aims to simu-
late the semantic segmentation of underrepresented classes by leveraging a
limited amount of data.

For evaluation, the metric IoU is utilized based on shuffled support image sets
for each novel class. The mean IoU is reported by calculating the average of
the IoU scores of all the previously unknown classes.

Implementation

In previous work, classical FSSS research focuses on segmenting novel classes
in the form of binary segmentation, often neglecting the model’s capability to
segment previously known classes. Moreover, such capability is essential for
unknown discoveries in the context of data mining for assisted and automated
driving functions, so that known classes can also be segmented. Lang et al.
[Lan22] addressed this issue by introducing a new branch specifically for base
class segmentation. Therefore, their network architecture is adopted as the
foundation for the evaluation in this section. The training process is divided
into two distinct phases: Training for the base learner and the meta learner.
The proposed scheme is therefore called Base and the Meta learners (BAM).
During the base learner phase, the model is trained exclusively for the base
classes. In this section, two types of base learner network architectures are
employed: PSPNet with a ResNet-50 backbone representing classical CNN in
the field of semantic segmentation and UPerNet with a ConvNeXt-Tiny back-
bone. Itisimportant to note that the methods proposed in Sec. 7.2.2 are model-
agnostic, permitting implementation in any FSSS model without being lim-
ited to BAM. Deviating from the original implementation of BAM, the images
from both training sets are entirely included, with novel classes annotated as
ignore, so that the gradients from the novel classes are not included in the
backpropagation to prevent data leakage. Contrarily, BAM originally omit-
ted images containing novel classes from the training dataset. Regarding the
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meta learner phase, the same meta learner model from BAM, PFENet [Tia20],
is utilized. During the training of the meta learner, novel classes in the train-
ing images are also annotated as ignore instead of background, which is fre-
quently adopted in traditional FSSS research. This approach is able to reflect
performance more accurately, as novel classes are not considered during the
training phase of the meta learner. For consistency, all subsequent exper-
iments in this section are conducted using this training methodology. For
evaluation, the weights yielding the best mean Intersection over Union score
on the novel classes from the validation set are selected as the best weights.

7.2.4 Results and Discussions
Support Image Selection

As shown in Fig. 7.2, the size of the class instances in the image varies across
datasets. The quality of meta learner outputs heavily relies on the generated
features from the support image set. The prediction for the same query image
can differ if the support features are not adequately representative. Therefore,
this section begins with an investigation of the potential impact of leveraging
different support image sets. Fig. 7.4 illustrates how the mean Intersection
over Union (mloU) varies with the size of the available support image set
during inference, where the images are sorted in descending order based on
the pixel occupancy of the novel objects. The experiments are conducted with
the ResNet-based model architecture on the Cityscapes dataset, where the
three classes, train, motorcycle, and truck are considered as novel classes in
the vehicle category.
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0.22
—— 1-shot

5-shot
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Top x% image sets as support set for inference

Figure 7.4: Validation mean IoU of the baseline FSSS models using various subsets of the top x%
of support images, sorted by object instance size.

In a 1-shot setting, the models show increasing performance as more diverse
images are included in the support image set, up to 40% of the entire set. The
underlying reason is that sorting support images by the size of the novel ob-
jects is suboptimal for complex scenes, especially when the amount of data
is limited. Given the high likelihood of outliers and varying poses of objects,
the extracted features may not be representative for the novel classes. For
instance, a rear view of a truck towing a trailer provides limited assistance
for detecting another truck from other perspectives, even if the object occu-
pies a significant portion of the support image. After the 40% threshold, the
segmentation performance on novel classes declines and plateaus, indicating
that a mixture of small object instances in the support image set does not pos-
itively contribute to the few-shot segmentation performance. Additionally, it
can be observed that the standard deviation of performance increases as more
support images with small novel objects are included.

In the 5-shot setting, the performance of novel class segmentation depicts a
decreasing trend when more support images containing only a small area of
the novel class are utilized. The best performance in segmenting the novel
class is observed when only the top 10% of images are chosen as support
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sets. By comparing the best-performing models, the mean IoU shows a rel-
ative increase of 30%, from 16% to about 21%. However, utilizing the entire
dataset generates insufficient features that negatively impact model perfor-
mance, sometimes resulting in 5-shot setups being outperformed by their 1-
shot counterparts, as the smaller object instances are not able to summarize
the fundamental visual properties representatively. Benefiting from more ro-
bust support features, the 5-shot FSSS setup demonstrates lower standard de-
viations compared to the 1-shot variants, further emphasizing the importance
of generated support features for novel class segmentation.

To ensure reliable and consistent results in subsequent experiments, an opti-
mum ratio of support images that yield higher performance and lower stan-
dard deviation in both 1-shot and 5-shot settings is selected. As Fig. 7.4 shows,
employing the top 20% setup achieves a balance between performance and
stability in the 5-shot setting, while the 1-shot setting exhibits the lowest
overall standard deviation. For the following experiments, the top 20% of
images containing the novel classes sorted by size are selected as the support
set during evaluation on the two driving scene understanding datasets.
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Cityscapes

Table 7.7: Evaluation results of FSSS models on Cityscapes and Mapillary datasets with various
novel class setups. The average IoUs are reported based on 10 different runs utilizing
shuffled support image sets.

Optimizations 1-shot 5-shot
o Hier. Backbone 10U, vel 10U, ovel
Cityscapes
‘ Train Motorcycle  Truck mloU ‘ Train Motorcycle  Truck mloU
25.0.3, 3134
v 33.4. 39.6.
Train +5.6 +1.9
{Trein} v 25 5215
v v
16.0,16
v 12.6 15.0.
Motorcycle L8 s
{ yele} v o 18755 \ 156,09
v v 135,04 158,04
249,70 36.5.55 13.1,10 195,19
(Train, Truck, v 387,60 1243 1544, 222,,5 475,43
Motorcycle v 16.5.,9 207,51 184459 253,37
v v 228,55
Mapillary
‘ Caravan Trailer On Rail mloU ‘ Caravan Trailer On Rail mloU
| 26.7.4.1 | 36.0.25
v 45.7. 54.2.
On Rail BE0 +2.9
On Rail v \ 371,
v v
30.8,67 477,39 303422
{Ca.ravan, Trailer,} v 511,43, 46.5.46 41.7.34 684,55 534,18
On Rail v 5215 263,55 2993
v v 63.8.70
} 450,14
ST | S
Wheeled Slow v 56-2.103 279,42
v v 5034184 55.0+05 551403

As discussed in Sec. 7.2.2, the evaluation commences with two commonly-
used driving datasets. According to the previous experiments about support
image selection, unless otherwise specified, the baseline model always refers
to the model that employs the top 20% sorted support image set during infer-
ence. The base class setup is utilized according to Egs. (7.3) to (7.7) for exper-
iments involving knowledge integration of class hierarchy. For comparison,
a predefined set of random seeds is used to run inference, thereby assessing
their performance across different support image sets. The evaluation results
from the Cityscapes and the Mapillary dataset are depicted in Tab. 7.7.

With the novel class train from Cityscapes, it is observed that using a more
effective feature extractor or considering class hierarchy during the training
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of meta learner alone results in only modest improvements in the segmenta-
tion performance. However, by combining those two methods or in a 5-shot
setting, a significant performance enhancement is achieved, as generating ef-
fective and representative feature representations notably elevates the seg-
mentation performance of the model from 25.0% to 57.1% IoU. Furthermore,
the 5-shot variants exhibit lower standard deviations when the generated fea-
tures are stabilized by multiple support images that contain the novel class
instances during inference. Finally, it can be observed that the performance
gap between 1-shot and 5-shot segmentation narrows after introducing the
proposed optimization methods, indicating that the extracted feature repre-
sentations are more robust and reliable despite the limited data.

However, the class motorcycle shows limited improvement in segmentation
performance with the applied methodologies, as the IoU ranges from 11.1% to
13.7% in the 1-shot setting and remains around 15% in the 5-shot setting. This
limited improvement is attributed to the higher aleatoric uncertainty of the
motorcycle class compared to the class train, as the support images and query
images for motorcycle may contain varying visual appearances, poses, and
occlusions from the driving environment and the riders, thereby restricting
the potential for improvement.

In the evaluation incorporating three novel classes, individual class perfor-
mance improves similarly after applying the proposed methods compared to
the setup where the meta learner is supposed only to segment the train and
motorcycle classes. Compared with the base setup for one novel class, this
setup, where the model aims to segment three novel classes, demonstrates
that the proposed methods significantly boost the segmentation performance,
doubling the mIoU in the 1-shot setting from 14.5% to 30.5% with lower stan-
dard deviation. Additionally, learning multiple novel classes does not ad-
versely affect performance, as evidenced by comparing the train and motorcy-
cle results across these two setups. Furthermore, the experiments reveal that
the absence of certain classes during the meta-training phase does not impair
the model’s generalization capability. In some cases, utilizing fewer classes
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for the meta-training improves the segmentation performance, which will be
further evaluated in Sec. 7.2.5.

Mapillary

After the evaluation on the Cityscapes dataset, the proposed methods are
evaluated on the Mapillary dataset, which is regarded as covering more com-
plex, worldwide driving scenarios and exhibits a long-tail data distribution
in the annotation policy. As evidenced by the inclusion of the caravan class
from Tab. 7.7, the standard deviation for this class is significantly higher than
for other classes, attributed to the presence of only ten images that contain
this class in the whole validation set. Similar to the results of the class train
from the Cityscapes dataset, the class on rail from Mapillary dataset signif-
icantly enhances the segmentation performance in both 1-shot and 5-shot
settings. This improvement indicates that the utilization of class hierarchy
during meta-training is more effective on Mapillary than on the Cityscapes
dataset despite the more challenging scenarios. By combining the proposed
optimization methods, the model attains promising results for this class,
thereby demonstrating the efficacy of the proposed methodologies in more
complex domains. Similarly to the Cityscapes dataset, the 1-shot model
with the proposed methodologies reduces the performance disparity with
the 5-shot model, indicating that the feature extraction of the novel classes
is more effective.

The generalization ability of the meta learner is further evaluated in scenarios
involving three and five novel classes as introduced in Sec. 7.2.3. Observed
by the class trailer, introducing transformer-inspired feature extractor nega-
tively influences the segmentation performance, whereas integrating a class
hierarchy and combining the two methods almost double the segmentation
performance measured by IoU in both 1-shot and 5-shot settings. Addition-
ally, a comparative analysis of the trailer and on rail classes across different
novel class settings suggests that the diversity of available base classes dur-
ing meta learner training positively impacts model generalization, thereby
enhancing overall performance. Together with the findings from Cityscapes,
Section 7.2.5 will delve deeper into this correlation, examining the impact of
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base class variety during meta learner training, the use of class hierarchy,
and the generalization capacity of the model.

Generally, the combination of effective feature extraction and prior knowl-
edge augmentation yields performance improvements, except for certain ex-
periments where the network architectures with ResNet-50 backbone outper-
form the others. One explanation could be that the final feature maps gen-
erated by ConvNeXt-Tiny have a lower resolution, as discussed in Sec. 7.2.2,
complicating the detection of object instances that necessitate fine-grained
feature representations due to their size or texture. In addition, the observed
decrease in mean IoU from the three-novel-classes setup to the five-novel-
classes setup indicates the limited performance of those specific classes, such
as wheeled slow and boat, with their IoUs lower than 10% IoU. This limitation
is indicative of the inherent complexity of these novel classes. It suggests that
one necessary prerequisite of the proposed hierarchical knowledge integra-
tion is that the novel classes share common visual properties with base classes.

7.2.5 Ablation Study

Extending from Sec. 7.2.4, the ablation study further explores the impact of
deploying various base class setups during the meta-training phase on the
performance of novel class discovery. Table 7.8 presents a comparison of
the model’s performance based on various base class configurations in a 5-
shot setting, as this setup enriches the feature representations from the novel
classes from more novel object instances. The experiments follow the setup
that contains three novel classes from the Mapillary dataset. To ensure fair-
ness and comparability, an iteration-based runner is applied to mitigate the
potential impact of dataset size discrepancies, as the number of training im-
ages is related to the available base classes. As the baseline for comparison,
all classes according to the labeling policy (v1.2) from the Mapillary dataset
are utilized for training.
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Consistent with observations in Sec. 7.2.4, incorporating class hierarchy dur-
ing meta learner training enhances performance, observed by the mloU im-
provements from utilizing all base classes (29.9%) to only leveraging the ve-
hicle classes (50.3%). In contrast, when classes from another visually dissim-
ilar category, e.g., human, are exclusively used during the training process,
the meta learner fails to transfer knowledge to novel classes in the vehicle
category, which indicates the importance of prior knowledge for the FSSS
performance.

However, if the classes used for meta-training are mixed with other fore-
ground classes in addition to the vehicle classes, including other rider or the
full integration of the human category, an improvement in performance on
novel classes is observed. This suggests that the meta learner can enhance
its generalization ability using class instances from certain visual invariant
object categories. Therefore, balancing category-specific features with gener-
alization is crucial for optimal performance of FSSS models. In contrast, in-
tegrating all possible base classes during the meta-training phase negatively
affects performance.

Table 7.8: Comparison of various configurations for the base class selection during meta learner
training. Models utilize features extracted from the ConvNeXt backbone in 5-shot

setting.
Meta Learner Base Class Caravan  Trailer On-Rail  mloU,,q
All Base Classes 521,85 114,,¢ 26.3,,, 299,13
All Human Classes 0.050.0 0.050.0 0.3.0.0 0.1.00
All Vehicle Classes 63.8,70 307,97 564,95 503,

All Vehicle Classes with other rider ~ 69.4,,;  33.0,03 53.5,01 52.0.97
All Vehicle Classes with human 68.5,0 331,94 5609, 52.5.7

7.2.6 Realistic Evaluation

The current evaluation scheme for FSSS operates under the strong assump-
tion that all evaluation images contain novel classes [Tia20, [qghb22, Min21], an
assumption that is deemed unrealistic for real-world applications. One po-
tential solution to address such requirements involves first determining the
presence and type of novel classes in the query images prior to FSSS [Kan22].
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However, such an approach is not considered in this section as it lies beyond
the scope of this work. In order to evaluate the effectiveness of the proposed
methodologies under more realistic conditions, the performance of the FSSS
model, tasked with segmenting three novel classes from the Cityscapes data-
set, is assessed across the standard validation set that contains 500 images and
compared to results from the traditional evaluation scheme.

As illustrated in Tab. 7.9, significant performance degradation is observed
when transitioning to the revised evaluation paradigm in which images do
not necessarily contain novel classes. The decreases in IoU scores indicate
that the meta learning model generates a substantial number of false positive
predictions, resulting in a relative mean IoU decrease of approximately 75%. A
similar trend is evident in the 5-shot setting, where the baseline model exhibits
notably higher performance loss with the new evaluation scheme. The pro-
posed methodology, however, can partially mitigate this performance loss in
both 1-shot and 5-shot settings. Nevertheless, such an issue, associated with
generalized few-shot semantic segmentation, needs to be further explored in
future work, as false positive predictions are also prevalent with conventional
FSSS datasets, such as Pascal VOC-5¢ and COCO-20". Additionally, selecting
the optimal weights during training can be particularly challenging, especially
when access to the validation images is restricted. Ensuring that the valida-
tion set is representative of potential use cases covered during inference is
essential, as any misalignment between the validation and test sets can sig-
nificantly impact the model’s generalization. Such misalignment is particu-
larly problematic given that driving scenes are inherently more complex than
conventional setups.
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Table 7.9: Comparison of the IoU results on the novel image set and whole validation set of
Cityscapes. Rows in grey are evaluated for the whole validation dataset.

Train Motorcycle  Truck  mloU,,q
1-shot
24-9t7<0 11.512.1 7-0i1<7 14'512-9

Baseline

52410 54,07 42,15 49,05

56.9 11.8 22.8 30.5
Proposed +4.5 +1.5 2.8 419
’ 252,48 5607  1l4ge 14145

5-shot

36.5 131 8.7 195
Baseline £5.5 +1.0 1.5 £1.9
7-541.0 6.4.1.0 53,10 64404
Proposed 392452 13.9.055 243417 32549

26.813.6 7.310‘9 12.411.1 15.511'1

7.2.7 Conclusion

This section concentrates on the evaluation of utilizing current few-shot se-
mantic segmentation (FSSS) methods on complex driving scenes with a pri-
ori knowledge. The unique challenges posed by such complex driving scenes
were first analyzed by comparing traditional object-centric datasets with driv-
ing scene datasets, focusing on the difference between foreground and back-
ground class distribution, showing that the low presence of foreground dy-
namic objects has a negative impact on FSSS. In this section, three methods
were proposed to mitigate the limitations of complex driving scenes, includ-
ing integration of class taxonomies, effective feature extraction, and support
image selection during inference. These methodologies were utilized to en-
hance the performance and robustness of discovering and segmenting novel
objects using limited information from the support image set. The proposed
methods were validated using two frequently used street-scene semantic seg-
mentation datasets with various novel class configurations, revealing condi-
tions and setups under which these methodologies outperform conventional
training setups. Lastly, the study contemplates the practical application of
FSSS for mitigating of corner cases in the context of assisted and automated
driving functions.
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8 Meta Information as Contextual
Knowledge

Chapters 6 and 7 explored the use of class hierarchies as contextual knowl-
edge for unknown-aware object detection, domain generalization evaluation
for semantic segmentation models, as well as few-shot semantic segmenta-
tion. This chapter shifts the focus to other contextual knowledge that can be
obtained from external data sources, for instance, publicly available informa-
tion or existing vehicle fleets equipped with quality-assured sensor systems.
The following research question is investigated:

Research Question 4: Beyond class taxonomies, how can other con-
textual knowledge be leveraged to mitigate corner cases?

+ Hypothesis 4.1: Meta information from the target domain can pro-
vide efficient support during the domain adaptation process of a
data-driven model.

With the help of such publicly available meta information, the functions can
be developed and validated without utilizing cost-intensive manual annota-
tions for the data. Thereby, this also addresses cases where a corner case
occurs in the development dataset without annotations (IP-INO), as discussed
in Ch. 5. With an automatic data pipeline, the unlabeled data can be enriched
and further leveraged to mitigate corner cases.

Specifically, this chapter addresses lane detection leveraging prior knowledge
containing road structure information, such as Number-of-Lanes (NoL), as an
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illustrative example, showcasing how such external knowledge can be inte-
grated into data-driven models. The results are based on the author’s publica-
tion [Zho24b]. This work was recognized with the distinction of the Best
Paper Award of the Safe Artificial Intelligence for All Domains Workshop
(SAIAD) at the 2024 IEEE / CVF Computer Vision and Pattern Recognition
Conference.

8.1 Preliminary Study

The preliminary study aims to evaluate and compare the frequently used lane
detection models from Sec. 2.3 in order to assess their generalization ability
as a baseline. This experiment utilizes two datasets: TuSimple, which repre-
sents highway driving scenarios in the USA characterized by relatively sim-
ple driving conditions, and CULane, which encompasses more complex urban
driving scenarios featuring lane occlusions. During the experiment, the mod-
els are first trained on the source dataset Dg, and their performance on the
target dataset D without any model adaptation or configuration changes in-
dicates their generalization ability. For comparison, the models are trained
exclusively on the target dataset D with identical initialization to indicate
the performance upper bound. As shown in Tab. 8.1, significant performance
degradation is observed across all tasks and models compared with their up-
per bounds. Particularly severely affected by the domain shift are the models
that are pretrained on TuSimple, where a disparity of about 50% F1-score is
observed with the best-performing model and about 65% with the worst gen-
eralized model. Even though the task CULane — TuSimple is considered to
be less complex than the reverse task as the simple lane structure on the high-
way facilitates the lane detection, the models struggle with the new task as
the difference in F1-scores ranges between 20% and 40%.
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8.2 Methodology

Table 8.1: Domain generalization evaluation of five lane detection models on two datasets. Per-
formance of the models trained directly on the target domain are shown in (bold)

Model DCULane — Dy TuSimple D, TuSimple — DpCULane

F11 FPR | FNR | Accuracy 1 F11 Precision 1 Recall 1
CondLaneNet [Liuzla] | 70.2(97.0) 17.4(2.2) 52.6(3.8) 58.7(95.5) | 12.7(77.7) 22.8(83.1) 8.8(73.1)
CLRNet [Zhe22] 70.3(95.3) 32.6(5.5) 26.3(3.8) 85.9(95.1) | 23.0(78.8) 50.9(84.5) 14.8(73.8)
LaneATT [Tab21] 54.9(95.1) 49.6(5.9) 39.4(3.7) 81.3(94.9) | 23.4(76.0) 67.3(82.7) 14.1(70.4)
GANet [Wan22b] 740 (97.8) 24.0(1.6) 29.4(2.9) 82.0(95.8) | 21.9(78.5) 54.3(85.4) 13.7(72.6)
CLRerNet [Hon24] 69.9 (97.6) 24.7(17) 402(3.1) 73.2(96.5) | 31.1(81.1) 38.0(88.1) 26.4(75.2)

It is shown that even the state-of-the-art lane detection models significantly
suffer from visual appearance shifts of the lanes and from occlusions caused
by other traffic participants. Furthermore, in practice, visual appearance shift
does not encapsulate the entirety of domain shift, as there are other cases
where lanes and road boundaries should only be detected in certain circum-
stances, e.g., dealing with hard shoulders on highways. This further motivates
the integration of available meta information during training for the domain
adaptation of lane detection models.

8.2 Methodology

This section introduces the methodology of leveraging meta information for
domain adaptation. As discussed in Sec. 2.3, gbg is learned from the anno-
tated source domain data Dy = {(x,,ys)}. The preliminary study suggests
that the mapping function ¢4 that is only trained on the source domain is
insufficient to deal with constantly changing driving situations. In the pre-
vious work, the unsupervised domain adaptation paradigm is investigated as
the target dataset DYP* = {(x,)} is available without any annotation. For the
proposed Weakly Supervised Domain Adaptation framework for Lane Detec-
tion (WSDAL), the number of lanes n; in each target image is known during
adaptation with DYPAL = {(x,,n,)}.
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Target images Teacher model Main task Auxiliary tasks Weak supervision
“
Pseudo Pseudo Number of lanes
“ lane labels segmentation labels in Dy
- - , -
Laet Lseg Lhum.
“
~ - Segmentation Confidence score
Student model Lier. Lieg.
Lane labels Segmentation labels
in Dg in Dg

Source images Source labels

Figure 8.1: The proposed Weakly Supervised Domain Adaptation framework for Lane Detection
(WSDAL), which consists of a teacher—student network, a segmentation head as an
auxiliary task during training and weak supervision head utilizing Number-of-Lanes
labels during domain adaptation.

Architecture Overview

Figure 8.1 depicts the proposed framework, which is heavily inspired by the
current advances in the unsupervised domain adaptation research, where
a self-distilling teacher—student training strategy is employed. The teacher
model shares model architecture and initialization with the student model
at the beginning of the adaptation. Similar to the unsupervised setup, the
student model makes predictions on heavily augmented images from the
target domain during training, while the teacher model infers directly on
the raw images, creating pseudo lane labels from the target domain. As
demonstrated by Tranheden et al. [Tra21], Zhang et al. [Zha21a], and Hoyer
et al. [Hoy22], such a strategy is effective in transforming low-quality pre-
dictions into pseudo labels and thus enabling the supervision and adaptation
of the student model. At the same time, the robustness of the student model
is enhanced as it is fed with data from the target domain with strong data
augmentation. In the implementation of this work, a confidence threshold
is applied to select the pseudo lane labels that exceed a predefined confi-

dence for the corresponding lane prediction following lg,L_l) > Aip. In
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8.2 Methodology

order to further exploit meta information from the target domain, only the
lane predictions with the highest confidence scores will be kept when the
selected pseudo lane labels exceed the maximum number of available lanes
Ny, from the target domain. Note that backpropagation of the teacher model
is deactivated during the adaptation process, as the teacher model is merely
updated by the student model from the target domain with Exponential
Moving Average (EMA) strategy [Tar17]:

Ot = wpmabi_q + (1 — wpma)f; (8.1)

where 6; denotes the parameters of the teacher network at step ¢, 6; repre-
sents the parameters of the student network at step ¢, and wgy4 is a smoothing
coeflicient that controls the update rate. With EMA, the teacher network also
implicitly receives information from the target domain as learned by the stu-
dent network, whose parameters are directly influenced by the gradients that
are backpropagated into the network, as the prediction from the teacher and
student networks must exhibit consistency. The loss function for the lane
detection task, weighted by wy,,, is calculated with

Laer. = Ddet LD Vdet.» Ddet.) (8.2)

where £ denotes the loss function from the anchor-based detector, y,; is the
pseudo lane label generated by teacher model and 4. is the lane predicted
by the student model.

Auxiliary Task

Instance segmentation is frequently used as an auxiliary task for lane detec-
tion models [Qin20, Zhe22], as the vanilla lane annotations, which are based
on key points of the lanes, can be interpolated and transferred to pixel-level
segmentation labels given a certain width of the lane markings. WSDAL also
supports various segmentation tasks, including instance segmentation, as an
auxiliary task during the training of lane detection models. In the ablation
study, the impact of leveraging different segmentation tasks will be further
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evaluated. The segmentation head shares feature representations that are ex-
tracted from the image encoder. For multi-scale feature maps, the features
are downsampled with bilinear interpolation to be connected with the seg-
mentation head.

Similar to the lane detection task on the target domain, the teacher model
generates a segmentation map J., of ¢ channels according to the input image
X, without any data augmentation. The pseudo segmentation label is gener-
ated based on filtering the softmax probability score according to a predefined
threshold 4;4:

argmaxc yseg., c» Max ysegA, ¢ > ALS

ysegA = 0 (83)

else

Therefore, the weighted loss functions for the segmentation task on the target
and source domain are defined as follows:

Lz;g. = a)sTeg.’CCE (yseg.! yseg.) (8-4)
Afeg. = C‘)feg‘l:CE (ysrc.’ yseg.) (8-5)
Weak Supervision Task

As shown by Honda et al. [Hon24], the misalignment of the confidence
scores and the lane IoU leads to difficulties in training and inferring on
in-distribution and out-of-distribution data, as usually the correct lanes exist
among the predictions from the lane anchors. Such a property also impedes
the process of filtering out potential correct lane predictions for pseudo la-
bels. In this chapter, an additional loss function is introduced to leverage the
known Number-of-Lane (NoL) information that can be easily extracted from
the metadata. This function assists the lane detector in adapting to the target
domain efficiently. For each lane prediction I, in y during domain adapta-
tion, one major objective is that the predicted foreground score l,(qL_l) and the

background score l,(lL) satisfy max(lg‘_l), lglL)) ~ 1 after the softmax function.
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During the calculation of the number of lane loss, the lane predictions are fil-
tered with high confidence scores from the student model by lg“_l) > Aip
as positive classifications. The sum of their confidence scores is taken as the
prediction of the number of lanes currently achieved by the model. In the
initial stage, this value is usually smaller than the number of lanes during do-
main adaptation. Therefore, the model under the supervision of weak labels
increases the confidence score of lane predictions through the propagated gra-
dients, especially the lane predictions whose confidence score is higher than
Aip in the initial stage. This helps the lane predictions with confidence scores
above the threshold to diverge from the other lane predictions. As the model
is trained, the number of lane predictions that exceed the threshold A;p, is an-
ticipated to exceed the ground truth lanes. By this time, the confidence scores
of both the positive predictions and a portion of the negative predictions have
become high, which encourages the lane anchors that do not represent the la-
beling policy to increase their background scores. The weighted number of
lanes loss for the weak supervision is calculated by

(L-1)
Anum. = wnumALsmoothle (nt7 ziEﬂL li ) (86)
L-1)
i > Aip}-
It is noteworthy that the model does not acquire any meta information from
the environment during inference after the domain adaptation process.

where n; is the number of lanes and lane anchor set A; ={i | |

Training Process

As shown in Fig. 8.1, three major paths are inferring the data from the source
and target domain for the weakly supervised domain adaptation:

1 Target images are fed to the teacher model to generate pseudo lane
labels for the lane detection task and the auxiliary lane segmentation
task based on the predefined detection and segmentation thresholds A4;p,
and A;g. The teacher model is not directly affected by calculating the
gradients. Instead, it is updated by exponential moving average of the
weights from the student model.
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2 For the student model, the target domain images are heavily augmented.
Backpropagation through the comparison of lane detection predictions
and lane segmentation predictions generates gradients for optimizing
the student model. Furthermore, the foreground scores of a set of se-
lected predictions with confidence scores above A, are used to derive
the NoL loss £I .~ for the weak supervision.

3 For the third path shown in black, the losses from the source domain,
where the exhaustive lane annotations are available, are calculated
based on detection key points (£3.,) and the lane segmentation task
(Lfeg') as introduced in Sec. 2.3 to ensure stability during the adaptation
process.

The overall loss function is stated as follows:

—rT T T
Ltotal - ’cdet. + ’Cseg. + £

num.

+ L5 + L5, (8.7)

136



8.3 Experiments

8.3 Experiments

8.3.1 Experimental Setup

To simplify the experimental setup, this work concentrates on two major
anchor-based lane detection architectures: LaneATT [Tab21] and CLR-
Net [Zhe22]. These two network architectures serve as baseline models for
further comparison and optimization [Wan22b, Hon24]. The AdamW opti-
mizer with the cosine annealing learning rate strategy is applied for training
on the source domain. In addition, the default image resolution settings for
each dataset are applied as prescribed by their official implementations. The
image encoders are pretrained on ImageNet-1k.

During domain adaptation, the models are first trained on their correspond-
ing source dataset and then share identical weights as a starting point. Unless
specified differently, the experiments are conducted three times with a pre-
defined list of seeds for a fair comparison. ResNet-18 is used as the primary
image encoder for the experiments. For comparison, other mainstream back-
bones that are frequently used in lane detection research, e.g., ConvNeXt,
DLA, and ERFnet, are also evaluated. The heavy data augmentation used for
training the student network contains horizontal flip, channel shuffle, color
jitter, motion blur, median blur, random rotation, and random scaling. If not
mentioned otherwise, binary segmentation instead of instance segmentation
for the lane markings is used as an auxiliary task for the lane detection task.
The thresholds, including A, and A;g, are determined empirically, aiming
for the best performance on the source and target domains based on a step
size of 0.1. To further enrich the comparison of the weakly supervised par-
adigm for the lane detection task, the experiments also contain two baseline
variants: one that directly runs the evaluation without utilizing any adapta-
tion methods, noted as the Domain Generalization evaluation scheme (DG),
and the one that uses deactivated NoL loss to perform the domain adaptation
in an unsupervised fashion, noted as Teacher-Student Unsupervised Domain
Adaptation (TSUDA).
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8.3.2 Target Dataset TuSimple

The experiments start with transferring to the TuSimple dataset, which repre-
sents homogeneous US highway driving scenarios and is considered the least
challenging dataset in the whole evaluation. Tab. 8.2 depicts the compari-
son of the domain adaptation performance utilizing various domain adapta-
tion methods. Two base architectures are evaluated, and it is observed that
the LaneATT model shows poorer generalization ability in comparison with
the CLRNet model, which is consistent with the findings in the preliminary
study in Sec. 8.1. Generally speaking, the proposed weakly-supervised do-
main adaptation method significantly improves the performance of the model
on the target domain, as shown by the higher F1-scores and accuracies as
well as the lower FPRs and FNRs. For architecture like LaneATT, the model
is able to close the gap to the other architecture in the weakly-supervised
setup, despite its comparatively weak performance without any adaptation
or with only unsupervised adaptation. Across all backbone setups, from the
lightweight ERFnet encoder with 2.4M parameters to the more complex DLA
that contains 15.8M parameters, the proposed WSDAL demonstrates its ad-
vantage by further closing the performance discrepancy to the upper bound.

Moreover, it is noticeable that pretraining on different datasets has a signif-
icant impact on the model’s generalization performance. For instance, the
models that are previously trained on CurveLanes, which inherently contains
more challenging driving scenarios, show significant advantages. In certain
backbone combinations, e.g., with ERFnet, the UDA model even outperforms
the CULane-pretrained WSDAL model, which is an indication that the model
is able to re-use the learned sophisticated feature representations. In addition
to that, it is shown that, with appropriate pretraining, the proposed weakly-
supervised domain adaptation still shows its performance advantage over its
unsupervised counterpart. With ResNet-18 encoder, the model is able to in-
crease its F1-score by 6.7% on the TuSimple dataset and shows only a 4% dif-
ference to the upper bound trained directly on the target dataset without any
manual annotation. From the lower FPRs, it can be concluded that the model
is able to comprehend the priority of the lane candidates for the detection that
share generalized properties of lane markings. Therefore, WSDAL also helps
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suppress visual properties that are frequently detected as lane markings but
are not annotated as lanes, e.g., road boundaries, tire marks, and road sur-
face shifts.

Last but not least, feature encoders with higher learning capacity demon-
strate their advantage in re-using the feature representations learned from the
source domain, as ResNet-18 (with 11.7M parameters) and DLA significantly
narrow the performance disparity to their corresponding upper bounds com-
pared with smaller encoders like ConvNeXt-v2-atto that only contains 3.9M
parameters and ERFnet. One possible explanation is that the smaller encoders
struggle to generate high-quality pseudo labels to guide the domain adapta-
tion, while it is considerably easier for the complex backbones.
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Table 8.2: Comparison of the LaneATT and CLRNet models with various image encoders which
are pretrained on the CULane or CurveLanes datasets and adapted to the TuSimple
dataset. The scores are shown in percent.

Dy Model Backbone  Method F1 FPR FNR Accuracy
DG 54.9 49.6 39.4 81.29
LaneATT TSUDA  69.9.0; 326407 254,06 847,05
) WSDAL 817,05 188,10 17.5,07 888,04
ResNet:18 - —pg 70.3 326 2635 8589

TSUDA 848,95 126,09, 189,09 855,07
WSDAL  86.9,0;5 11.5.9, 152,05 89.0,04

§ DG 67.7 14.2 67.9 41.8
= ERFNet ~ TSUDA  79.7,04 228,03 165,06 892,04
0 WSDAL  81.5,06 194,97 171,04 89.5.0,
CLRNet DG 69.1 22.8 46.0 66.7
ConvNeXt  TSUDA  77.7.99 26.0.99 165,79 889,05

WSDAL  81.6,19 197,15 166,90 89.5,05

DG 70.4 12.9 60.4 49.1

DLA34  TSUDA 817,935 203,04 154,04 894,05

WSDAL  86.3,95 134,95 140,04 90.8.0,

DG 80.7 8.1 35.8 72.9

ResNet-18  TSUDA  84.5,5, 157,05 153,06 86.5.04

WSDAL  91.2,05 8.1.95 9.7,40.5 91.2,03

DG 81.8 17.1 19.7 86.4

g ERFNet ~ TSUDA 822,90 180,90 17.5.00 86.0.00
;j CLRNet WSDAL  87.2.09 124,50 132,00 90.5.9,
2 DG 82.4 10.7 27.1 80.0
3 ConvNeXt TSUDA  78.0,,; 231, 155, 842,06
WSDAL 889,07 107,05 116,97 904,04

DG 86.6 10.7 17.0 87.2

DLA34  TSUDA 840,90 181,00 13.2,00 88.3.00

WSDAL  91.0,¢; 84,01 9.7,02 90.4,0.,

Dy CLRNet  ResNet-18 95.3 5.5 3.8 95.1
Dy CLRNet  ERFNet 95.2 6.0 3.4 95.5
Dy CLRNet  ConvNeXt 95.8 5.6 2.8 95.6
Dy CLRNet DLA34 96.3 4.1 3.2 95.6
Dy LaneATT  ResNet-18 95.1 5.9 3.7 94.9

140



8.3 Experiments

8.3.3 Target Dataset CULane

As introduced in Sec. 2.4, the CULane dataset focuses on the urban driving
situation in China with more significant object occlusion, various lighting,
and weather conditions. Table 8.3 demonstrates the adaptation performance
of models that previously trained on TuSimple and CurveLanes. When pre-
trained on the TuSimple dataset, similar to the previous findings, the models
still exhibit a large disparity compared with models trained directly on the tar-
get dataset, although they improve markedly over the baseline without any
adaptation. This remaining gap is caused by the more challenging conditions
in comparison to the TuSimple dataset. LaneATT reveals its weakness in this
setup when adapting from TuSimple to CULane, as the models based on this
architecture are not able to improve the models’ performance as its counter-
part does, where the CLRNet with weak supervision doubles the detection
performance as measured by the total F1-score.

When the models are pretrained on source datasets like CurveLanes, it can
be observed that the models are able to achieve higher F1-scores in the tar-
get domain compared to the baseline variant that does not undergo any do-
main adaptation. According to the evaluation scheme of CULane, consistent
improvements can be observed in the evaluation splits that contain Crowd,
Dazzle, and Night, further reflecting the effectiveness of the proposed weakly
supervised domain adaptation method. Furthermore, a noticeable decrease of
false positive predictions in the category cross roads can be observed as the
labeling policy of the dataset specifies that no lanes are supposed to be de-
tected at the intersections. The improvements in the subset Night indicate
that the model begins to emphasize the most salient visual structures during
the domain adaptation, as the pretrained dataset contains only clear weather
conditions while the target domain requires handling more complex driving
situations without manual annotations. In addition, it can be observed that
the unsupervised variants have sometimes worse performance compared to
the baselines. One reason for this is the challenge of choosing an appropri-
ate threshold, namely 4, to generate pseudo labels from the lane detections.
As shown in Honda et al. [Hon24], striking a balance between the quality and
quantity of these labels is challenging, as correct lane predictions are typically
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hidden among many candidates, yet the confidence scores are uncalibrated
and the true lane IoU can hardly be estimated. Relying solely on score-based
filtering leads to choosing the incorrect lane candidates and visual features
that result in pseudo labels that do not accurately reflect the labeling policy
of the target dataset.
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8 Meta Information as Contextual Knowledge

8.3.4 Target Dataset CurveLanes

As observed in the previous sections, the CurveLanes dataset shares some
common properties with the CULane dataset, with significantly more anno-
tated lanes (up to 14 lanes per image) and a smaller radius of curvature from
the lane markings, bringing even more challenging driving scenes. For the
evaluation on the CurveLanes dataset, the experiments are conducted solely
based on the CLRNet architecture, as the LaneATT architecture does not ex-
hibit promising generalization performance in the previous setups. Tab. 8.4
demonstrates the comparison of CLRNet architectures evaluated by three [oU
thresholds. When evaluated with the standard IoU threshold of 0.5, it can
be observed that the F1-score of the model increases by nearly 3% in com-
parison with the baseline model, mainly contributed by a significantly higher
recall value that indicates that the models miss fewer available lanes in the
image. The decreased precision can be explained by the increasing number of
predictions that are inspired by the pseudo labels, which do not have a posi-
tional constraint for regression during domain adaptation as NoL is the only
available information from the target domain. It is worth mentioning that
leveraging weak labels does not provide any direct supervision regarding the
positions of the lanes to the ego vehicle, which are highly variable depending
on the annotator.

To examine the hypothesis that slight lane position drift causes false positive
predictions, similar to Pan et al. [Pan18b], loose evaluation schemes are also
utilized for the evaluation that tolerates higher positional deviations of the
predictions with the IoU threshold of 0.2 and 0.3. It can be seen that the
disparity between the baseline and weak-supervised models increases when
the tolerance for the position error increases, indicating the effectiveness of
the proposed method.

The overall results from the task CULane — CurveLanes also correspond to
the observations from Sec. 8.3.3, where networks with smaller learning capac-
ity struggle to generate high-quality pseudo labels due to the quality-quantity
dilemma for unsupervised domain adaptation. With the NoL information
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from the target domain, the models are able to close the gap to the corre-
sponding oracle models that were previously trained on the target dataset.
With higher positional tolerances, the models bring performance improve-
ments to a large extent by reducing the difference to 8% for the DLA-encoded
model without any lane annotations on the target domain.

8.3.5 Qualitative Results

Figure 8.2 presents qualitative results obtained by adapting the model to tar-
get datasets. For visualization, an error-tolerant IoU threshold of 0.3 is em-
ployed. The WSDAL framework demonstrates a clear advantage, as it sub-
stantially reduces false-positive detections that are typically caused by road
boundaries, variations in road surface material, or lane-marking-like struc-
tures, such as tire marks, as shown in rows a) and b) when adapting from
CurveLanes to TuSimple dataset. Moreover, the network learns to regulate
its confidence when multiple lanes are detected simultaneously. It preferen-
tially retains the detections that exhibit high confidence while suppressing
spurious ones. Row c) depicts the situation, which constitutes a domain shift
toward a more challenging driving condition relative to the source dataset
(CULane — CurveLanes). After applying WSDAL, the adapted models pro-
duce a greater number of predictions with higher confidence scores than both
the unsupervised baseline and the model without domain adaptation. Row d)
further highlights the ability of WSDAL to eliminate false positives by ex-
ploiting only weak supervision signals.
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8.4 Ablation Study

Auxiliary Task

Although utilizing the segmentation task as an auxiliary task is widely
adopted in lane detection networks [Qin20, Zhe22], the ablation study starts
with the comparison of the performance on source domain data. As shown in
Tab. 8.5, leveraging segmentation as an auxiliary task only provides limited
improvement on the source domain. Besides that, the two segmentation
tasks that are compared based on source domain show no notable distinction
in their scores. However, Tab. 8.6 depicts the vanilla domain adaptation
performance, where the models are directly inferred on the target domain
after training on the source domain. The enhancement in the generalization
ability with the auxiliary task is significant as the networks with binary
segmentation auxiliary task constantly outperform the baseline and instance
segmentation setup. As the auxiliary segmentation head shares the image
embeddings, it forces the image encoder to concentrate on more generic
textures and structures, which is beneficial for the lane detection task.

Table 8.5: The LaneATT and CLRNet models with segmentation tasks in the source domain CU-
Lane. All values in %.

Model Segmentation  F1  Precision Recall
CLRNet - 77.8 84.6 72.0
CLRNet Instance 78.5 85.9 72.3
CLRNet Binary 78.8 84.5 73.8
LaneATT - 75.5 82.2 69.8
LaneATT Instance 76.3 82.8 70.7

LaneATT Binary 76.0 82.7 70.4
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Table 8.6: The CLRNet and LaneATT models with segmentation tasks are trained on CULane
and evaluated on the target domain TuSimple. All values in %.

Model Segmentation F1 ~ FPR FNR Accuracy

CLRNet — 704 32.6 26.3 85.9
CLRNet Instance 71.0 331 243 87.6
CLRNet Binary 73.4 283 24.7 86.9
LaneATT — 55.0 49.7 394 81.3
LaneATT Instance 58.9 42.8 39.2 80.5
LaneATT Binary 60.0 43.0 36.7 81.2

As it is evident that both auxiliary segmentation tasks bring better general-
ization ability, further experiments with weakly supervised domain adapta-
tion setup are conducted with the results in Tab. 8.7. Similar to the results
from the domain generalization part, the binary segmentation auxiliary task
consistently outperforms the baseline and the frequently adopted instance
segmentation scheme. One possible explanation is that the instance segmen-
tation provides redundant information regarding the position of the lanes, as
the lanes on the left side of the image are always assigned a smaller ID number
than the lanes on the right side of the image. In addition, the lane detection
task with the lane anchors only classifies whether the lane candidate belongs
to the foreground (lane marking). Such characteristics render the binary seg-
mentation task more effective during optimization.

Table 8.7: Ablation study for auxiliary segmentation task CULane — TuSimple. All values in %.

Model  Segmentation F1 ~ FPR FNR Accuracy

CLRNet — 80.2 16.5 22.8 85.1
CLRNet Instance 83.2 14.5 19.0 86.5
CLRNet Binary 86.9 11.5 15.2 89.0
LaneATT — 76.0 25.5 225 87.3
LaneATT Instance 79.8 204 199 87.7
LaneATT Binary 81.7 18.8 17.5 88.8

In addition, the upcoming subsection outlines the necessity of utilizing the
teacher—student network in conjunction with the auxiliary task.
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Ablation Teacher-Student Network

The WSDAL adapts the teacher-student network and EMA weight updating
strategy as proposed and proven in [Soh20, Hoy22, Zha21a, Tra21]. The ef-
fects of leveraging the NoL loss, auxiliary segmentation task, and teacher—
student network and their combinations are shown in Tab. 8.8. It can be
observed that utilizing the NoL loss alone without any auxiliary task does
not improve the detection performance, whereas integrating a segmentation
task as an auxiliary task brings benefits. With the teacher—student network,
the model is able to extract beneficial hints from the more accurate pseudo
labels generated by the teacher network and thus achieve better detection
performance on the target domain with WSDAL. Note that integrating the
teacher—student network does not affect the model’s inference time for de-
ployment, as the steps are only taken during the weakly supervised domain
adaptation process.

Table 8.8: Effects of adding a teacher—student network (TS) in the task CULane — TuSimple
when CLRNet has different segmentation tasks. All values in %.

Method Segmentation NoL TS F1  FPR FNR Accuracy

DG — 70.4 32.6 26.4 85.9
WSDAL — v 69.1 294 323 82.4
WSDAL — v v/ 802 16.5 228 85.1

DG Instance 71.0 331 243 87.6
WSDAL Instance v 77.1 20.6 25.1 84.5
WSDAL Instance v v/ 832 145 19.0 86.5

DG Binary 73.4 283 24.7 86.9
WSDAL Binary v 82.7 151 194 90.2
WSDAL Binary v v/ 869 11.5 152 89.0

Unreliable Labels

As there are constant changes in the driving environment so that the map data
need to be updated, and potential inaccuracies in inference from the produc-
tion vehicles, it is essential to discuss the potential impact of unreliable NoL
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labels on weakly supervised domain adaptation. The main objective is to com-
pare the minimum required label quality that assures that the models with
weak supervision outperform their baseline models. CLRNet is selected as
the base architecture for this evaluation, as it shows promising performance
on the target domain. Similar to the experiments from Sec. 8.3, multiple back-
bones are evaluated in this setup to compare different image encoders. During
domain adaptation, the training sessions share an identical setup of hyperpa-
rameters, with only the NoL labels from the target dataset Dt replaced with
a random number between zero and the maximum number of lanes that is
available from the dataset. The experiments are conducted with a step size of
5% up to 100% error rate. The experiments are repeated three times for each
error rate using different seeds.

Figure 8.3 depicts the progression of the model’s performance based on the
proportion of the incorrect NoL labels from three frequently used backbones
on the task of CurveLanes—TuSimple. Their corresponding baseline perfor-
mance from unsupervised domain adaptation is marked by the dashed lines.
The transition points are located at around 30% error rate, indicating that the
proposed WSDAL model outperforms the conventional unsupervised domain
adaptation methods when the label error rate is below this threshold.
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Figure 8.3: Results on CurveLanes — TuSimple with incorrect NoL labels on various image en-
coders with CLRNet. The dashed lines show the results from TSUDA, demonstrating
the robustness to label inaccuracies.

In order to investigate the impact of the source dataset and model architec-
ture, the characteristics of the model trained by the source domain data and
the architectural design of the model are ablated. First, the model with the
same initialization is utilized to train on two source datasets: the CULane and
the CurveLanes dataset, with the remaining parameters and hyperparameters
unchanged and repeat the experiments to understand the impact of the source
dataset on the robustness of dealing with incorrect meta information. The re-
sult is shown in Fig. 8.4 as it can be observed that the network that previously
trained on CurveLanes performs better on the adaptation task and can toler-
ate higher label errors when the label error is kept in a considerable amount
(under 40%). With the increase in the label error rate, the model shows insta-
bility and is significantly outperformed by its unsupervised counterpart. In
contrast, the curve for CULane remains relatively flat.
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Figure 8.4: Comparison of using different datasets CurveLanes and CULane for the adaptation
to TuSimple with incorrect NoL labels based on CLRNet with ResNet-18 backbone.
The dashed lines show the results from TSUDA.

In addition, this work also compares the tolerance of incorrect meta labels
across different network architectures. The evaluation is based on the task of
transferring from TuSimple to CULane, which is considered more complex for
adapting the models from the highway dataset to the urban driving dataset. As
shown in Fig. 8.5, models become more resistant to label disturbances as the
transition point significantly shifts to the right side, tolerating unreliable NoL
labels. However, the disparity among baseline models in their unsupervised
domain adaptation setup reveals differences in the generalization ability of

their lane detection heads.

—— CLRNet
LaneATT
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Figure 8.5: Results of two detector architectures adapting from TuSimple to CULane with incor-
rect NoL labels. The dashed lines show the results from TSUDA.
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8.5 Conclusion

This chapter introduces a novel Weakly Supervised Domain Adaptation
framework for Lane Detection (WSDAL) that leverages solely meta informa-
tion from previously unseen driving environments to mitigate corner cases
for the lane detection models. The weakly supervised domain adaptation
consists of three major parts: An anchor-based lane detection model, an
auxiliary segmentation task that shares the image encoder to improve the
generalization ability, and the novel Number-of-Lanes prediction based on
the confidence scores from the lane anchors. With the help of the teacher—
student network from the framework, the teacher network is able to generate
accurate lane detection and segmentation predictions, which are selected and
converted to pseudo labels for the supervision of the student network. The
effectiveness of the proposed framework is demonstrated by an extensive
range of experiments containing three major lane detection datasets covering
highway driving scenarios from TuSimple to complex urban scenarios from
CurveLanes, showing that the lane labels enhance the confidence of lane
predictions across the frequently used image encoders and thus further
encourage the detector to create lane predictions with high confidence scores
in the target domain. Consequently, the network is able to prioritize the lane
detections with significant visual properties and textures when the annota-
tion policy shifts between the datasets, solving the ambiguities of dealing
with road boundaries and lane-like structures on the road. Furthermore,
the proposed method is robust to disturbances from the NoL labels, as label
quality cannot be guaranteed in real applications.

The proposed framework demonstrates how publicly available meta informa-
tion can be leveraged to mitigate interpretation problems in the neural net-
works without extensive manual data annotation. However, as it is shown
in Sec. 8.4, segmentation maps also contribute to the generalization ability of
the network. Future work may concentrate on how those weak labels can also
be utilized for lane segmentation models and other types of auxiliary segmen-
tation tasks, such as deriving driveable areas.
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This thesis aims, on the one hand, to provide categorizations and metrics for
assessing corner cases, which are frequently regarded as safety-critical events
for assisted and automated driving functions, from a data perspective, to en-
hance the understanding of their occurrence. On the other hand, it aims to
ensure that such corner cases can be mitigated efficiently in advance by lever-
aging contextual knowledge from various sources.

Although widely discussed, the definition of corner cases remains highly am-
biguous, hindering systematical understanding and subsequent mitigation of
these safety-relevant cases. Starting from a preliminary study from Ch. 4,
the impacts of data anonymization on semantic segmentation are evaluated
qualitatively and quantitatively. It is observed that the absence of an essen-
tial part of the dynamic objects, in this case, the human faces, leads to sta-
tistically significant impairment of segmentation performance in data-driven
models, especially for the missegmented occluded pedestrians, which are of-
ten regarded as corner cases. However, if such properties are preserved during
postprocessing, e.g., via generative models that reconstruct the original data
distribution, model performance is not affected by the required anonymiza-
tion step. By connecting the network errors and the availability of the data
that are utilized for training, the first research question is raised:

Research Question 1. What are the core properties of corner cases in the con-
text of real-world ADAS and HAD applications?

In Ch. 5, it is shown that the corner cases can also be classified according
to the availability of the data points during development and validation, in
case the corner cases are caused by interpretation problems of the data-driven
neural networks, as other factors caused by hardware limitations and risks
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of certain driving behavior are also present in classical, handcrafted func-
tions. For discussion, the assumption is taken that the development dataset
is considered a joint effort of all the parties involved, ranging from OEMs
to certification bodies. Data appearing outside the development dataset are
assumed to be encountered by customers. Consequently, this section pro-
vides a comprehensive examination of potential technical solutions aimed at
advancing the capabilities of data-driven driving functions to deal with such
out-of-distribution cases.

Given the significant cost and labor intensity associated with large-scale data
annotation for mitigating such corner cases of scene understanding tasks,
the subsequent sections of this thesis focus on leveraging existing contextual
knowledge rather than relying solely on manual annotation of the raw data.
This approach has the advantage that potential corner cases can be mitigated
without necessitating additional effort for data collection or annotation. One
major aspect of contextual knowledge is the hierarchical taxonomy of object
classes, which leads to the second research question:

Research Question 2. How can hierarchical taxonomies be leveraged in down-
stream computer vision tasks to evaluate and improve the generalization ability
of the trained neural networks?

Beginning with the object detection model, it is shown in Ch. 6 that utiliz-
ing the class hierarchy is advantageous when dealing with unknown object
classes, while the known classes share the same object category with them
during training. The experiments examine various training strategies that
incorporate class hierarchies to evaluate their effectiveness in detecting un-
known objects while preserving the ability to classify learned known classes.

Subsequently, Sec. 7.1 evaluates how a use-case-relevant class taxonomy can
facilitate the evaluation of domain generalization of semantic segmentation
models when encountering novel classes. This section introduces a novel
evaluation metric, Critical Error Rate (CER), for semantic segmentation that
explicitly addresses the differentiation between intra- and inter-category er-
rors. Experiments on a series of scene understanding datasets reveal that
the optimization process for underrepresented classes is heavily influenced
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by appearance-similar classes and reflects the importance of data diversity,
which has a more significant impact on neural network performance than the
learning capacity of the models.

Chapter 6 and Sec. 7.1 demonstrate not only that the class hierarchy is
task-agnostic and applicable to various downstream tasks for data-driven
scene understanding but also the necessity of defining class taxonomies that
are specifically tailored to the use-case and visual similarity of objects. The
ablation studies investigate the effect of using class taxonomies that are
appearance-independent for category-related semantic segmentation and
unknown-aware object detection evaluation.

It is shown that the class hierarchy can be utilized to evaluate domain general-
ization performance and detect previously unknown classes. For error mitiga-
tion, it is essential to learn the underrepresented novel classes by leveraging
the limited amount of collected training data. Therefore, the third research
question is raised as

Research Question 3. Does the class hierarchy reduce the required effort for
training in computer vision tasks since the training process becomes more effec-
tive and the amount of data needed for training decreases?

Section 7.2 focuses on the evaluation of few-shot semantic segmentation that
is applied to complex driving environments. This investigation highlights dis-
crepancies in the distribution of foreground and background classes by iden-
tifying the distinct challenges inherent in these environments, compared with
traditional object-centric datasets. It is evident that the sparse occurrence of
foreground dynamic objects adversely affects the efficacy of FSSS. This study
proposes novel strategies for leveraging prior knowledge, e.g., incorporating
the class hierarchy, implementing effective feature extraction methods, and
selecting support images during the inference phase. These approaches im-
prove the performance and resilience in identifying and segmenting new ob-
jects with limited information from the support image set.
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Last but not least, this thesis also takes other easy-to-obtain prior knowledge
in addition to the class hierarchy that can be utilized to solve the interpretation
problems in data-driven solutions:

Research Question 4. Beyond class taxonomies, how can other contextual
knowledge be leveraged to mitigate corner cases?

Chapter 8 addresses the mitigation of corner cases in lane detection models
by utilizing map information from the unseen driving scenes during train-
ing, e.g., Number-of-Lanes (NoL) labels. With the proposed Weakly Super-
vised Domain Adaptation framework for Lane Detection (WSDAL), the find-
ings indicate that the integration of lane labels improves the performance in
lane predictions across commonly used image encoders, thereby enhancing
the detector’s capability to produce high-confidence lane predictions in the
target domain. It can be observed that the adapted data-driven neural net-
works effectively prioritize lane detections with distinct visual properties and
textures amid variations in annotation policies between datasets, thereby re-
solving ambiguities associated with road boundaries and lane-like structures.
Furthermore, the proposed method exhibits robustness to disturbances from
weak labels, even when label quality cannot be guaranteed in practical ap-
plications. This exemplifies how publicly available meta information can be
utilized to alleviate interpretation problems in neural networks without the
need for extensive manual data annotation.

In summary, the findings of this thesis demonstrate how corner cases can be
defined and classified for data-driven applications according to availability of
data during development. Subsequently, this perspective enables systematic
mitigation of corner cases grounded in their foundational root causes. In ad-
dition to the conventional methods of exhaustive data annotation, this work
focuses on leveraging approaches that utilize easy-to-obtain prior knowledge,
including class hierarchy and meta information. By employing the proposed
methodologies, the robustness and learning efficiency of the deep learning-
based solutions are demonstrably increased when confronted with unforeseen
scenarios in practical applications.
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Outlook
Leveraging Foundation Models

The recent advent of large-scale pretrained models, commonly referred to as
Foundation Models [Rad21, Xia24, Kir23, Rav24, Car26], marks a paradigm
shift in computer vision. One significant contributing factor is the evolution
of Large Language Models (LLMs) [Ach23, Tea23, Guo25], which are trained
on web-scale datasets. By connecting text with visual concepts using large-
scale datasets, the models demonstrate advanced generalization capabilities
in dealing with open world data across many downstream computer vision
tasks. As shown by Miller et al. [Mil21], the out-of-distribution performance
strongly correlates with the models’ in-distribution ability. At the same time,
text-image pairs are easier to obtain than manual annotations. In addition
to that, there are text-conditioned generative models such as Stable Diffu-
sion [Rom22] and DALL-E [Ram21], for generating realistic images given text
input. Specifically, in the domain of assisted and automated driving func-
tions, such models are used for high-fidelity synthetic data generation, scene
reconstruction, scenario variation and provide explanations for the decision-
making to enhance the explainability of such models [Mar24, Che24, Hu23a,
Yan23b]. One prime example of the foundation model is SAM [Kir23, Rav24],
a segmentation model that outputs class-agnostic masks based on image and
geometric prompts. Pretrained on billion-scale datasets, SAM generalizes to
tasks including medical imaging, image inpainting, 3D object detection, and
human-robot interaction applications [Ma24, Car26]. However, studies show
that the model underperforms on more challenging vision tasks involving
camouflaged and transparent objects [Ji23].

Dataset Engineering

In the classical machine learning paradigm, the benchmark methodology fol-
lows the principle of a fixed dataset and varying network architectures. How-
ever, as also observed in Sec. 7.1, the quality of the data plays an essential
role in the generalization ability of the network in addition to the quantity
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of the data used for training. DataComp [Gad24] proposed a novel evalua-
tion scheme where the training budget and the model are fixed. The main
objective is to filter the optimal subset to achieve the best performance, as
large-scale multimodal datasets pose new challenges in terms of their size
and annotation schemes.

It is also shown that the training distribution is the main reason for the ro-
bustness of the CLIP-based models, rather than language supervision or con-
trastive learning paradigm [Fan22a]. By comparing the similarity of the cap-
tion and the masked image concentrating on visual properties, Maini et al.
[Mai24] showed that their proposed method further improved the model’s
performance on datasets both with and without distribution shift. Leveraging
large-scale pretrained models for active learning also facilitates sample selec-
tion for visual question answering and image classification tasks [Ban24].

Trustworthy AI Methods and Technical Conformity

The inherent complexity of tasks, environments, and systems poses signifi-
cant challenges in providing safety assurance arguments for AI/ML-based au-
tomated driving systems. Existing standards, such as ISO 26262 for functional
safety [ISO18] and ISO 21448 for the safety of intended functionality [ISO22],
emphasize the need to mitigate risks associated with hardware and software
errors, as well as functional insufficiencies and foreseeable misuse. There are
also other concepts, e.g., ISO PAS 8800 [ISO24], which introduce principles
vital for the safety of data-driven Al systems, including fault models, iterative
safety lifecycles, development measures, and rigorous data lifecycle manage-
ment. Addressing uncertainties in understanding environments, data accu-
racy, and system decision-making processes is critical. The aim is to provide
vital guidelines, substantial task- and application-specific interpretation and
adaptation, which are still needed to manage the complexity and ensure an
acceptable level of residual risk for data-driven assisted and automated driv-
ing functions.
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A Datasets for Unknown-aware

Object Detection

The label distribution for the synthetic dataset that has been used in Ch. 6 is
detailed in Tab. A.1. During training, images containing truck and van are ex-

cluded. For the evaluation of unknown-aware object detection models, those

two classes are included in the evaluation as unknown unknown objects.

Table A.1: Training and validation set label distributions of the synthetic dataset.

Category  Annotations Ratio
Training
car 5,605 36.17%
motorcycle 1,907 12.31%
bicycle 1,910 12.33%
person 6,071 39.19%
truck 0 0.00%
van 0 0.00%
(total) 15,493 100.00%
Validation

car 2,647 26.76%
motorcycle 897 9.07%
bicycle 945 9.56%
person 2,786 28.17%
truck 672 6.80%
van 1,942 19.64%
(total) 9,889 100.00%
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In addition to the synthetic dataset that is generated using the simulation
engine CARLA, a real-world dataset nulmages is utilized for evaluation. Ta-
ble A.3 depicts the label distribution of the objects in the training and valida-
tion set. It is important to note that the number of images and annotations
differs from the original dataset, which is shown in Tab. A.2, due to the exclu-
sion of annotations for environmental object classes, including barrier, debris,
pushable, pullable, traffic cone, and bicycle rack. Consequently, images lacking
any annotations have been removed from the dataset. Additionally, images
containing objects from the classes ambulance and police have been discarded
due to their significant underrepresentation in the dataset.

Table A.2: Original nulmages label distributions according to [Cae20].

Category Annotations Ratio
animal 255 0.04%
human.pedestrian.adult 149,921 21.61%
human.pedestrian.child 1,934 0.28%
human.pedestrian.construction_worker 13,582 1.96%
human.pedestrian.personal_mobility 2,281 0.33%
human.pedestrian.police_officer 464 0.07%
human.pedestrian.stroller 363 0.05%
human.pedestrian.wheelchair 35 0.01%
vehicle.bicycle 17,060 2.46%
vehicle.bus.bendy 265 0.04%
vehicle.bus.rigid 8,361 1.21%
vehicle.car 250,088 36.05%
vehicle.construction 6,071 0.88%
vehicle.emergency.ambulance 42 0.01%
vehicle.emergency.police 139 0.02%
vehicle.motorcycle 16,779 2.42%
vehicle.trailer 3,771 0.54%
vehicle.truck 36,314 5.23%
movable_object.barrier 88,545 12.76%
movable_object.debris 3,171 0.46%
movable_object.pushable_pullable 3,675 0.53%
movable_object.trafficcone 87,603 12.63%
static_object.bicycle_rack 3,064 0.44%
(total) 693,783 100.00%
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Table A.3: nulmages training and validation set label distributions.

Category Annotations Ratio
Training
car 179,997 51.28%
truck 25,059 7.14%
trailer 2,732 0.78%
bus 5,732 1.63%
bicycle 12,034 3.43%
motorcycle 12,245 3.49%
pedestrian 113,069 32.21%
animal 155 0.04%
personal mobility 0 0.00%
stroller 0 0.00%
construction 0 0.00%
wheelchair 0 0.00%
(total) 351,023 100.00%
Validation

car 45,708 45.46%
truck 6,580 6.54%
trailer 464 0.46%
bus 1,764 1.75%
bicycle 3,225  3.21%
motorcycle 3,014 3.00%
pedestrian 30,970 30.80%
animal 81 0.08%
personal mobility 2,281 2.27%
stroller 363 0.36%
construction 6,071 6.04%
wheelchair 35 0.03%
(total) 100,556  100.00%
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B Class Hierarchies

Unknown-aware Object Detection

object

vehicle person

two-

wheeled
car

motorcycle  bicycle

(a) Synthetic Dataset
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pedes-  animal
trian

truck  trailer bus bicycle motor-
cycle
(b) nulmages

Figure B.1: Fine-grained class taxonomies of two datasets that are used in Ch. 6. Unknown
classes used for evaluation are grayed out.
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(a) Synthetic Dataset
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(b) nulmages

Figure B.2: Coarse-grained class taxonomies of two datasets that are used in Ch. 6. Unknown
classes used for evaluation are grayed out.

Figures B.1 and B.2 depict the fine- and coarse-grained class hierarchies that
used in Ch. 6 for unknown-aware object detection. The coarse-grained class
hierarchy eliminate the superclasses that are beyond level-2, e.g., commercial
and two-wheeled.

Semantic Segmentation Datasets

For the task of semantic segmentation, five major datasets are utilized in this
work, namely, Cityscapes, Mapillary, ACDC, A2D2 and BDD100k. Detailed
class taxonomy for Cityscapes [Cor16] is provided in Fig. B.3, which is also
shared with ACDC and BDD100k. Fig. B.4 depicts a simplified class hierarchy
for Mapillary [Neul7], while Fig. B.5 and Fig. B.6 show the behavior-based
class taxonomy and VRU-based class taxonomy that are used in the ablation
study from Sec. 7.1.3. The classes under void are discarded in Mapillary and
relabeled as ignore. Despite the fact that the A2D2 dataset does not provide an
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official class hierarchy, it is feasible to group the car, utility vehicle, truck, trac-

tor, and small vehicles under the category vehicle for the comparison, which
is similar to the Cityscapes and Mapillary dataset.
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Figure B.3: Class taxonomy of the Cityscapes dataset, which is also adapted by ACDC

and BDD100k.
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