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Abstract

The development of highly automated driving has made remarkable progress
in recent years. Numerous technical challenges have been solved, allowing
the first partly autonomous vehicles to drive on public roads. However,
the safeguarding process of Highly Automated Vehicles (HAVs) remains a
significant challenge. The verification and validation of a corresponding
system play a crucial role for manufacturers, as they ensure that their own
systems are free of faults. Furthermore, verification carried out by testing
institutions is relevant in order to allow new systems on public roads without
posing a safety risk to traffic participants. The highly complex nature of
HAVs makes validation utilizing statistical tests considerably more difficult.
In this context, scenario-based testing in a simulation opens up promising
perspectives for the validation.

This dissertation presents and discusses a concept for the creation and eval-
uation of test scenarios for Highly Automated Driving Functions (HADFs).
An essential aspect in the creation of a test scenario is the mutual consider-
ation of the behavior of all traffic participants within the simulation. The
trajectory and solution strategies may vary depending on the HADF being
tested. Consequently, the other simulated agents must react consistently. To
remain as comprehensive as possible, the dissertation does not consider any
specific HADF and its behavior. Rather, this thesis deals in particular with
the initial configuration, i.e. the traffic scene, which serves as the starting
point for conducting a subsequent test.

A description model, referred to as the Semantic Scene Graph, is presented.
This model allows the description of individual traffic scenes based on the
constellations of traffic participants and relationships between them. The
model facilitates a direct comparison between traffic scenes and serves as a
basis for following modules. In the next step, the abstract description model
is used to check scenes for similarity using a graph-based self-supervised
machine learning method. The result is a structured scene space that can be
organized into clusters of similar traffic scenes.

After the scenes have been grouped into similar categories, they have to
be evaluated based on their relevance for testing. A number of different
criticality metrics serve as an objective measure to evaluate the criticality of a
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situation. In order to make a meaningful statement about the relevance of
an initial scene (seed-scene), many different possible futures are simulated
that can develop from a seed-scene. In addition to rule-based methods with
varying parameterizations and combinations, two machine-learned behavior
models developed in this thesis are used to simulate a broad spectrum of
potential futures for a seed-scene. The resulting child-scenarios are then
evaluated using the criticality metrics. A subsequent analysis of the criticality
distribution provides insight into how far and in what aspects a seed-scene
can be relevant for the generation of a test scenario. The criticality profile,
in combination with the information pertaining to the associated cluster,
can be utilized to identify traffic scenes that are characterized by important
attributes.

In summary, this dissertation presents an approach for identifying important
scenes from real-world data that can be used for testing Highly Automated
Driving Functions. Within this pipeline, traffic scenes are evaluated based on
their criticality and organized into clusters of similar scenes within the scene
space.
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1 Introduction

In recent years, highly automated driving is considered one of the most
important strategic research areas in the automotive industry and related
sectors [27]. As vehicles become more intelligent, they promise to reduce the
amount of tasks performed by the driver and make driving more relaxed,
while at the same time improving driving safety and reducing the number of
road accidents.

In the meantime, the Society of Automotive Engineers (SAE) International
has established the six levels of vehicle automation as a descriptive standard
[28]. In principle, this standard describes the capability of the system, the
associated Operational Design Domain (ODD), i.e. the space with all the
scenarios the system is designed for, and whether the fallback level is the
human or the system. Starting from SAE Level 0, where the system lacks any
automation. SAE Level 1 and 2 indicate systems that can aid the driver in
specific driving tasks, such as lane departure warning systems or distance-
keeping assistants. From SAE Level 3, the vehicle is fully controlled by the
system in certain areas and is referred to as a Highly Automated Vehicle
(HAV). At SAE Level 4, the human takes a secondary role and the system
is able to drive completely autonomously in a predefined ODD. SAE Level
5, which represents the final level, refers to systems that can independently
handle all possible situations, resulting in the largest possible ODD.

The most prominent example, and possibly the most advanced Highly Au-
tomated Driving Function (HADF) available to the public at the moment,
is the Waymo Driver from the company Waymo. Waymo’s robotaxi can
operate completely autonomously in a geographically limited area and does
not require a safety driver, meaning that the Waymo Driver falls into the SAE
Level 4 autonomy category [29, 30]. The first vehicle (of Mercedes) with a
SAE Level 3 traffic jam pilot is already permitted to the road in Germany.
Compared to the Waymo vehicle, there are further restrictions in the ODD,
which means that the system may be used up to a maximum speed of 60 km

h
and not in the rain, for example. Despite the enormous progress made in
recent years in the research and development of HAVs, researchers in the
field agree that the development of autonomous driving is far from mature
[31, 32, 27]. There are still several issues that must be resolved for the world-
wide implementation of autonomous vehicles. These challenges include

1



1 Introduction

legal matters, necessitating collaboration between the industry and politics
to establish regulations and legislation that promote self-driving but also
establish boundaries. The design issues concentrate on technical solutions for
a reliable understanding of the situation and consequent driving decisions.
In this context, it is necessary to analyze not only the individual components
of the system, such as sensors, hardware components, and subsystems like
perception, but also how the entire system functions collectively.

Ensuring the correct functionality of the vehicle and guaranteeing the great-
est possible level of safety are of key interest, a quantitative assessment is
necessary [33]. The authors of the Safety Force Field (SFF)-Model [34] suggest
an acceptable error rate of 10−9 1

h
for HAV. The authors Wachenfeld and Win-

ner [35] suggest that HAV require a test distance of 2.1 billion kilometers for
confirmation, using comparable reasoning. The distances and durations for
verification mentioned here reveal a distinct trend: statistical test methods
are not economically compatible for the validation of automated vehicles,
indicating a need for alternative verification strategies. This necessitates a
comprehensive adaptation of previous safety methods and homologation*

processes of vehicles that were previously operated by humans [35, 36, 37].

In recent years, scenario-based testing methods have been the subject of
investigation. The creation of artificial scenarios that lie within the ODD
is a specific focus of these approaches, which is necessary for the approval
process. In 2022, the European Commission passed the Implementing Reg-
ulation (EU) 2022/1426 [38]. This regulation provides specifications at the
European level for assessing the safety of an HAV and for the approval of
these systems. The legal text demands that the manufacturer must prove
that the functional and operational safety of the HAV has been taken into
account in the development process. To this end, it is necessary to define
specific acceptance criteria. In order to demonstrate the safety of their system,
the company has to document the tests on critical scenarios. Consequently,
these critical scenarios then have to be used on a random basis by a testing
institution to verify reliability. Simulation frameworks should be used for
testing, in particular for scenarios that are difficult to re-enact in reality.

In general, the regulation specifies functional test scenarios. However, there
is no concrete definition of what the test catalog should look like, as this can
vary depending on the ODD or system architecture. Due to the relatively
recent regulation, hardly any vehicles have been approved in this context [39].
In the USA, where several approvals have already taken place, companies
do not have to make their entire safeguarding process available to the public,
resulting in the lack of knowledge concerning the utilized test process [40, 41].
Consequently, there is no consensus regarding the precise nature of the

*approval that allows a vehicle to be released to a market
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1.1 Research Objective and Topic Scope

safeguarding process, particularly in regard to the specifics of test scenarios.
This is the starting point of this work. In the following, issues related to the
motivated scenario generation for the safety of automated driving functions
will be elaborated and discussed.

1.1 Research Objective and Topic Scope

It is reasonable to assume that scenario-based tests substantially decrease the
effort required by traditional test approaches (see Section 2.1.4). However,
by using scenario-based testing as a validation technique for HAV compo-
nents, a variety of unanswered questions remain. Classically, the goal of
scenario-based testing is to collect relevant scenarios for a specific System
under Test (SuT) and its requirements. Therefore, it is important to create
and test scenarios that either provide instructive insights into the SuT or
challenge the system in its functionality. This implies that a procedure must
be developed to describe the scenarios, thereby enabling the selection of
customized scenarios for an SuT [42, 43]. This is employed, for instance, in
scenario exploration to identify scenarios of particular criticality for a specific
system [44, 45, 46].

In principle, three distinct methodologies exist for defining scenarios: data-
driven approaches, knowledge-driven approaches and adversarial scenario
generation [47] (for a more detailed discussion, please refer to Section 2.1.4).
The comprehensive survey by Ding et al. [47] discusses the latest approaches
to traffic scenario generation with respect to the aforementioned methodolog-
ical groups. Among other things, the authors identify three important and
still unsolved challenges: When generating scenarios for testing a system, it
is appropriate to limit oneself to realistic scenarios. In terms of fidelity, it is
desirable to consider only those scenarios that could occur in the real world.
Scenarios that can be generated by parameterization but violate the laws of
physics, are not relevant and should be neglected. But more importantly, for
example, the behavior of traffic participants is variable, but still resembles a
natural, human-like pattern. The second challenge is the efficiency of testing.
Since critical scenarios are particularly rare, which makes statistical testing as
described above very difficult, methods are needed that specifically generate
critical scenarios. In many frameworks, tests are generated for specific SuTs.
However, it should be possible to test different HAVs in general without the
need of having to design a new test methodology for each different system
and achieve transferability of said testing methods. The overall goal is to
provide a generalized test framework that will, in the long run, be able to
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test HADFs from different vehicle manufacturers with little parameterization
effort.

A prerequisite for the development of a test framework is a general under-
standing of the structure and components of the test subject. The following
section provides a brief overview of the architecture of an HADF as a SuT and
defines where the tests apply. Figure 1.1 shows a very simplified structure of
a driving pipeline of an HAV. In principle, most automatic actions of an HAV
start with a physical sensor that converts certain aspects of the environment
into digital information. Perception algorithms are used to transform this raw
data into a representation of the environment. Based on the abstract represen-
tation, the decision-making and planning module estimates the intentions of
other dynamic traffic participants and makes decisions based on them and
on the static environment. Calculated trajectories are then converted into
steering and acceleration signals for the actuators.

Sensors Planning ControlPerception

Environment
representation

Figure 1.1: Structure of the driving pipeline of an HAV

This work’s scope begins at the interface between the perception and plan-
ning modules. The representation of the environment is taken as given
and interpreted without any noise (or uncertainty). The work is based on
real data, which is further analyzed in a simulation. Although scenarios or
scenes are evaluated for testing, as these are to be evaluated independently
of specific driving functions, no driving functions are integrated in this work.
Accordingly, the implementation on a real vehicle is not discussed, so neither
the validation methods of the full autonomous vehicle nor the system com-
ponents leading to the perception will be taken into account. Additionally,
only the safety aspect and not the security aspect will be examined, therefore
no intrusions into the system by malicious parties will be assessed.

Once the framework conditions have been defined, the following section
will examine the challenges of scenario-based testing in more detail and
derive research objectives. Methods for creating scenarios, such as explo-
ration but especially exploitation-based methods, tend to focus on a specific
SuT. In particular, optimization-based approaches generate especially critical
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scenarios very efficiently, but are usually only configured for one system
[48, 49]. However, if an independent organization wants to test the driving
functions of different manufacturers in an unbiased manner, a generalizable
test method is advantageous. Therefore, the nuPlan benchmark [50] uses a
closed-loop approach. In the majority of cases, there are several potential
solutions to a given situation. Consequently, the application of different
planning algorithms will result in the generation of alternative trajectories. In
order to maintain consistency and accuracy, the environment has to respond
accordingly [50, 51]. This leads to the first and overall Research goal 1:

Research goal 1. What does a pipeline look like that generates test
scenarios for the Highly Automated Driving Function under test as
a black box?

Since the behavior of each scenario varies dynamically, the only constant is
the initialization. Any change in the test-vehicle will lead to a completely
different scenario development. Consequently, the initial step would be to
generate a traffic scene (refer to Definition 1). At the same time, it is important
to achieve high fidelity in order to avoid unrealistic scenes [47]. A major
advantage of data-based scenario generation approaches is real data as a
basis, which is inherently very close to reality [52]. An environment descrip-
tion serves as a simplified abstraction. It neglects unnecessary information,
while still including all information relevant for subsequent tasks [53]. When
selecting a description, it is important to ensure that the potential future
of a traffic situation is accurately reflected. Consequently, the relationships
between the various traffic participants are of significant importance. Further-
more, it is important to consider a wide variety of traffic scenes, regardless
of the location where they were recorded. No two road geometries are the
same, and the same situations can occur in different places without the road
geometry having a direct influence on them. This raises the next research
question (Research goal 2).

Research goal 2. How can traffic scenes be described independently
of the underlying road geometry?

The fundamental concept of scenario-based testing is that the scenario space
can be divided into distinct types [43]. A cluster is considered tested when a
few representative examples of this cluster have been analyzed. There are
a number of different data-driven approaches to clustering traffic scenarios
[54, 55, 56, 57]. However, in the majority of cases, these approaches are not
applicable to the traffic scenes. Accordingly, the following Research goal 3
arises:
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Research goal 3. How to automatically cluster traffic scenes in a
data-driven manner in terms of their similarity?

Only a tiny proportion of all scenarios represent a challenge for an HADF
[58]. Accordingly, it is essential to reduce the test space to significant ones.
This requires an independent assessment in order to prioritize the traffic
scenarios according to their importance. A number of different criticality
metrics can be employed to define specific aspects of a situation. However,
it is often challenging for a single metric to provide a universal statement
about the entirety of a scene or to differentiate between different aspects of
different situation types [59]. To this end, a suitable evaluation method has to
be found that ranks scenes according to their relevance (see Research goal 4):

Research goal 4. How can a traffic scene be evaluated in a generaliz-
able way to indicate its relevance to the test of a Highly Automated
Driving Function?

In order to obtain the scenarios required in Research goal 1, the temporal
development has to be defined. The scenario is based on a relevant scene
(see Research goal 4). The fidelity demanded by Ding et al. [47] also plays an
important role here, so that only realistic scenarios are generated. In order
to bring the scenarios into a simulation, the various traffic participants must
exhibit reactive behavior [50, 60]. In summary, Research goal 5 results from
the fidelity and reactivity requirements for the behavior models.

Research goal 5. How does the behavior of dynamic traffic partici-
pants have to be defined in the simulation to accurately represent
the scenarios for testing?

The main focus of the planning module is the behavior of dynamic traffic
participants. Consequently, different behaviors are reflected in different
driving or moving trajectories. Other behaviors, such as head and limb
movements, which can be relevant for vulnerable road users (pedestrians,
cyclists), for example, are not considered in this scope.

1.2 Concept and Structure

In order to systematically address the research questions identified in Sec-
tion 1.1, this thesis is divided into several chapters, with each chapter fo-
cusing primarily on one of the research goals. Methodological chapters are
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self-contained and provide related work and basic background information
on the respective topic. However, it is recommended to read the chapters -
and thus the entire work - in numerical order in order to put the related parts
into context. Figure 1.2 shows the abstract structure of this thesis, which
illustrates the dependencies of individual chapters and the systemic structure
of the pipeline to answer Research goal 1.

Re-SimulationScene
Representation Clustering

Behavior
Models

Criticality
Assessment

Real Data

Figure 1.2: Thematic structure of the work and chapters and how they relate
to one another in the larger context

The content of the methodological chapters has in many cases already been
published, sometimes verbatim, in my previous works [1, 2, 3, 4, 5, 6, 7, 8,
9]. At the beginning of each chapter, a reference is made to the respective
publications that are considered within the chapter.

The scene representation forms the first block of the methodology and is
examined in more detail in Chapter 3. In order to give a special expression to
the relationship between the individual traffic participants, the traffic scene
is mapped onto a graph model. This graph forms the core of the further
processing, abstracting real traffic into a machine-readable format, which
enables the automated processing. The primary contribution of this chapter
is the scene description model and how traffic scenes can be described in an
abstract manner. This was previously published in work [1], and in full depth
in work [8]. This chapter will therefore address Research goal 2. Subsequently,
in Chapter 5, the traffic scenes described by the graphs are assigned to groups
containing similar traffic scenes using a self-supervised machine learning
process. The assignment and similarity determination of graphs represent a
significant challenge. In this context, the previously published papers [9] and
[4] present a graph representation learning approach that enables clustering
in the latent state space.

In the next stage of the process, a generalizable statement is to be made about
the grouped traffic scenes. To achieve this, a number of different potential
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futures that could arise from the scenes are to be simulated. The methodology
used for the simulation and the subsequent analysis of the resulting scenarios
are discussed in Chapter 7.

The evaluation of traffic scenarios is significantly influenced by the use of
criticality metrics. These are described in detail in Chapter 4, and their
general applicability is also examined. The key contribution of this chapter is
the assessment of a traffic scene using a broad range of criticality metrics. The
framework and its associated discussion, which facilitate criticality analysis,
were presented in work [6]. The answer to Research goal 4 is provided in both
Chapter 4 and in combination with the resulting evaluation methodology
in Chapter 7. The contributions in the latter chapter concentrate on the
assessment of a substantial number of simulated scenarios and the drawing
of conclusions regarding the initial scene used. The simulation framework,
the implementation, and the results were published in publication [3].

The selection of appropriate driver behavior models is a crucial component
for the realization of a realistic simulation (see Research goal 5). Chapter 6
presents two trajectory predictors that employ imitation learning to mimic
realistic vehicle trajectories. The behavior models based on a graph represen-
tation, which include explicit relations with other traffic participants, have
been published in papers [7] and [5], respectively. These models can then be
integrated into the simulation (see Chapter 7) to extrapolate the future of a
scene.

In addition to the core methodology, Chapter 2 explains the basis for the veri-
fication and validation of autonomous driving and highlights both scenario-
based testing and alternatives. In doing so, terms that are important for this
work are defined, explained and the connection of the topics examined in
this work is highlighted. These definitions serve as a basis and especially as
a framework for the further chapters of the thesis. In addition, the funda-
mental principles of Graph Neural Networks (GNNs), including the message
passing technique forming the basis of its operation, are presented. Finally,
Chapter 8 summarizes the work, highlights the key findings, and identifies
potential future research directions.

This thesis does not provide a definitive solution for scenario-based testing
and therefore cannot provide absolute proof of the safety (see Section 2.1.1) of
HADFs. Rather, it is aimed at demonstrating a methodology for identifying
relevant test scenarios that can contribute to scenario-based testing.
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2.1 Validation & Verification

As stated in the introduction, extensive validation of the highly automated
vehicle is essential. In this chapter, the fundamentals of the definition of
safety within the context of Functional Safety are explored, with a particular
emphasis on Safety of The Intended Functionality (SOTIF) [61]. Additionally,
it describes the most prominent validation techniques that facilitate testing
of a vehicle or certain submodules in relation to safety.

2.1.1 Safety Definition

In the automotive industry, the process of ensuring safety-critical systems
currently follows a process whose goal is to ensure that technical failures
due to errors in software or electronic hardware components do not lead to
safety-critical situations. This target behavior is outlined in ISO 26262 [62] as
Functional Safety. Functional Safety depends on the correct functioning of
the safety-related system. In this regard, the potential failure of the function
is assessed and measures to prevent systematic failures are implemented
to limit the residual risk, including random failures, to an acceptable level.
Systemic failures always adversely impact the system in a similar manner and
are caused by system development, such as incomplete safety requirement
implementation. Random or statistical errors occur unpredictably during the
system’s operation [63].

The SOTIF, as defined by the ISO 21448 standard [61], serves as a supplemen-
tary standard that outlines how to effectively address safety risks that could
arise without causing system failure. The objective of SOTIF is to enhance
the understanding of the system’s potential behavior, even in unanticipated
application scenarios. If a system can be transferred to an unsafe state despite
meeting all previously specified requirements, there is a safety hazard for the
target function. The aim of SOTIF is to define a structured design process
that prevents safety violations caused by a faulty target function [63].
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According to the ISO 21448 [61], there are four categories of scenarios that
can be classified as either known (I, II) or unknown (III, IV) and as haz-
ardous (II, III) or non-hazardous (I, IV) (see Figure 2.1). Hazard scenarios
are those that could potentially cause harm. Meanwhile, there are scenarios
where system behavior remains to be identified or are completely unknown.
The primary objective of safety assessment approaches is to evaluate the
potentially dangerous behavior of hazard scenarios (II, III) and to provide an
argument that the residual risk is below the acceptance criteria [61]. There
are various techniques to identify unknown scenarios (III, IV) and convert
them into known scenarios, thereby minimizing their number. Conversely,
distinct methods are utilized to recognize hazardous scenarios (II) using a
SuT to mitigate or prevent them in the subsequent stages of the system’s
development.

a) b)
Hazardous

Not
Hazardous

Known

Unknown

I

II

III

III IVIV
III

Figure 2.1: Schematic visualization of the different scenario categories accord-
ing to [61]

2.1.2 Statistical Approaches

The prevailing methodology for non-autonomous vehicles is to assess safety
based on kilometers driven (miles driven). Autonomous vehicles are sub-
jected to testing on both public roads and closed tracks in order to accumulate
a substantial number of kilometers driven and statistically prove that au-
tonomous vehicles are safer than human drivers [64, 65, 34]. Despite its broad
application, the approach has faced criticism for being unfeasible, as already
explained in the introduction. This method may apply to a system that is
considered final after testing. However, depending on how the safety argu-
mentation is framed, the kilometers driven may need to be provided again
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with each software update. Moreover, it is not assured that all safety-critical
scenarios are accounted for in the distance covered. While these situations ac-
curately represent the environment, they are performed randomly in testing,
resulting in limited reproducibility and comparability [34].

A widely used measure is the number of disengagements, which describes
the deactivation of autonomous mode by an on-board or remote safety driver.
Disengagements are employed to monitor the maturity of autonomous ve-
hicles, for example in the US state of California [66]. The main advantage
of disengagement as a metric is its established status, regardless of its lack
of an uniform definition. A reduction in the occurrence of disengagement
indicates the system’s progress in learning, however, it does not guarantee
the system’s safety [67].

2.1.3 Formal Verification

Formal verification applies mathematical modelling techniques to provide
a proof for the safety of autonomous vehicles throughout their ODD [65].
The benefit of utilizing formal verification lies in the provision of safety
statements that are guaranteed, eliminating the need for testing. This makes
it an economical, scalable solution at a reasonable cost. The Responsibility
Sensitive Safety (RSS) [34] and the SFF model [68] both employ formal ver-
ification techniques, establishing their prominence in ensuring the safety
of autonomous vehicles. The aim is to ensure that autonomous vehicles
are not responsible for any accidents and take appropriate precautions to
compensate for the mistakes of others [34].

Multiple formal techniques are commonly utilized. They include model
checking, reachability analysis, and theorem proving. Model checking, which
was first created in the realm of software engineering, aims to check whether
software behavior complies with the specified design requirements. When
safety requirements are expressed as axioms or lemmas, theorem proving can
be a helpful tool for verifying safety by examining worst-case assumptions.
Among these formal techniques, reachability analysis holds a unique and
significant position, primarily due to its inherent ability to generate safety
assertions for dynamic systems. This capability allows reachability analysis
to capture the essential characteristics of the dynamic driving task [69]. How-
ever, when considering other traffic participants as a black box, a solid formal
verification will assume very conservative reachable sets, which may lead to
a situation where “safe” planning is not possible. Therefore, it is necessary to
make reasonable assumptions in order to drive safely on the road. Yet, this
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approach may reduce the level of the safety statement and may not be able
to prove safety again [34, 69].

2.1.4 Scenario-based Testing

Scenario-based testing is a concept derived from software development.
Testers conduct the testing of the SuT by executing a range of discrete runs,
which in this case are scenarios, and evaluating the quality of the run on the
basis of defined performance indicators. The entire process comprises three
main phases: firstly, the generation or extraction of scenarios, secondly, the
execution phase and, finally, the evaluation of test cases with risk assessment
and safety argumentation in relation to the SuT.

A key requirement for scenario-based testing is the describability and asso-
ciated parametrizability of the scenarios, including the environment they
contain. The scenario environment is arranged using the five-layer model
[70, 71], with relevant information divided accordingly. The first level con-
tains information about the road geometry and topology, the second level
contains the traffic-related infrastructure (signs, traffic lights, etc.). Level
three enhances the elements of the first two levels by adding temporary
changes to the road layout or the traffic signals. Level four covers both static
and dynamic objects, while the last level describes environmental conditions,
such as the weather. The five-level model has a significant role in various
related works and forms the foundation for the description of the ODD.
The content of this thesis is mainly focused on level four, considering only
dynamic objects. The first level also plays an important role in defining the
road topology.

To offer a thorough explanation of scenario-based testing, it’s essential to
begin by clarifying the temporal concepts of a scene and a scenario. Although
various definitions of these terms exist, this work primarily adopts the defi-
nitions provided by Ulbrich et al. [72] (see Definition 1 and Definition 2). A
graphical illustration of a scene (a) and a scenario (b) is shown in Figure 2.2.

Definition 1. A scene is a snapshot of the environment, including
static and dynamic objects. Each state and intention of the dynamic
environment is frozen.

Definition 2. A scenario describes the temporal development in a
sequence of scenes. Every scenario starts with an initial scene.

The lower part of Figure 2.2 demonstrates the systematic connection between
a scene and the chronological sequence of scenes, that is a scenario. The
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Scenario
Scene

Time

a) b)

Figure 2.2: Schematic visualization of the relationship between scenario and
scene

upper part shows a schematic image of a traffic scene (Figure 2.2a) consisting
of two vehicles, a cyclist, a pedestrian and the road. On the right (Figure 2.2b)
is a scenario that evolves from the scene on the left. The road remains the
same. The states of the dynamic traffic participants change over time, which
is represented here by a trajectory of each traffic participant. Due to the
challenge of representing a scenario continuously in practice, a process is
discretized at fixed points in time. The concrete form of the elaborated scenes
and scenarios is described in more detail in Section 3.1.

Scenario-based testing in the context of highly automated driving involves
creating a set of hypothetical situations or scenarios that a HAVs might en-
counter on the road and testing the vehicle’s ability to respond appropriately
to those scenarios. These scenarios can include a wide range of conditions,
such as different weather conditions, road configurations, traffic patterns,
and unexpected events such as sudden obstacles or pedestrians crossing the
road. Scenario-based testing is intended to ensure that HAVs are capable
of handling a variety of real-world situations safely and effectively through
targeted testing of specific scenarios. According to the PEGASUS project
[43], only a few systematically created test scenarios are sufficient to make a
reliable statement about the safety of a HAV. By testing HAVs in a controlled
environment, vulnerabilities or limitations in the vehicle’s software can be
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identified and improved to enhance their performance and especially safety.
Scenario-based testing methods are an important part of the development
and validation process for HAVs. They help to ensure that they can operate
safely and reliably under a wide range of conditions and environments.

One of the biggest challenges in scenario-based testing is the correct choice
of test scenarios. The more scenes are tested, the better the transferability to
reality. However, since potentially infinite scenarios are possible, complete
coverage is impossible. Accordingly, a point in time must be found at which
testing is sufficient, and a statement can be made about the safety of the
HAV. In the work of Sun et al. [73], methods for generating test scenarios are
divided into three classes: Coverage-oriented methods where the coverage
of the specific ODD is maximized, unsafe-scenario-oriented methods that
mainly examine exceptional cases, collisions, and high-risk scenarios to
detect failures, and the naturalistic evaluation approaches that focus on
deriving safety indicators. In general, these approaches can be categorized as
knowledge-driven, data-driven and other scenario generation [47]. Depending
on the area of application, these categories can be further subdivided. For
example, Birkemeyer et al. differentiate between random and combinatorial
scenario generation in the knowledge-based approaches [44].

The PEGASUS project [43] divides the resulted, generated scenarios into
three subcategories: functional, logical, and concrete scenarios. Functional
scenarios use natural language and present processes abstractly. Logical
scenarios have specific parameter ranges. Concrete scenarios, on the other
hand, have a fixed set of parameters and represent a fixed sequence of
scenes. Concrete scenarios are crucial for the actual implementation of the
test process, for example, in a simulation.

Knowledge-driven Scenario Generation

The knowledge-driven approach extracts information from various sources
such as existing scenarios, functional descriptions, experts, traffic guidelines
and standards. This information is then structured and shared through an
ontology or another description model, which provides an abstract repre-
sentation of the world. In scenario-based testing, this model is employed to
organize the components of a scenario and subsequently the ODD, which
allows for the generation of scenarios using sampling or combinatorial tech-
niques [65].

As illustrated in Figure 2.3, the essence of knowledge-driven scenario gener-
ation is the description model. The level of complexity and detail of e.g. the
ontology determines which environments and corresponding scenarios can
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Figure 2.3: Knowledge-driven scenario generation process (Based on [65])

be mapped. Section 3.2 further discusses relevant ontologies in the context
of scenario-based assurance of HAVs. Based on the ODD provided by the
ontology, new scenarios and constellations of entities can be created using
combinatorial methods [74, 75, 44]. Depending on the level of detail of the
description model, functional, logical or concrete scenarios are created.

Generating scenarios using knowledge-driven methods have proven to be
very convenient to generate and classify. Consequently, a multitude of di-
verse scenarios can be generated with minimal effort, given certain frame-
work conditions. However, a significant problem is that the domain is limited
to the ontology or description model defined by experts or standards. This
leads to suboptimal performance when mapping naturalistic scenarios, espe-
cially in edge cases [76].

Data-driven Scenario Generation

Like the knowledge-driven approach, the data-driven approach (see Fig-
ure 2.4) aims to generate concrete, logical, and functional scenarios. The
difference between the two approaches, however, is the source of the infor-
mation. Data-based approaches rely on specific scenarios that are already
known, whether stored in an accident database or obtained from real road
traffic or simulations. Real data provides a high degree of realism because it
is less bound by the limitations and biases of expert models than knowledge-
based methods [57]. This method is well-suited for examining significant
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or corner cases, as these can be extracted directly from the databases after
appropriate evaluation.

One limitation of real data is the significant level of redundancy, since the
majority of the data comprises traffic scenarios with high probabilities of
occurrence [77]. To enable wider application of the method and to generate
functional and logical scenario classes, it is necessary to undergo a grouping
and sometimes a classification process. During the classification, specific
criteria determined by humans are applied to scenarios. If two concrete
scenarios fall within the same value range or meet certain criteria, they are
classified into the same group. The boundaries between the classification and
grouping procedures are unclear. Nevertheless, a line can be drawn between
unsupervised clustering and manually defined methods of classification.
Details and a more extensive review of literature concerning scenarios and
scenario grouping can be found in Chapter 5. Depending on the density of
the clusters, that is, how continuously each parameter distribution is covered,
they can serve directly as logical or even functional scenario descriptions.
To ensure continuous parameter coverage, additional parameter ranges and
distributions can be defined to precisely describe the logical scenarios.

Sources Generation Scenarios

Accident
Database

Extraction Concrete
Scenario

Data Clustering/
Classification

Logical
Scenario

Recodings/
Simulation

Parameter
Setting

Functional
Scenario

Figure 2.4: Data-driven scenario generation process (Based on [65])

Other Scenario Generation Methods

In addition to data-based and knowledge-based generation methods, there
are other approaches that cannot be clearly categorized into one of the two
methodologies described above. One approach that has become particularly
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popular recently is adversarial scenario generation. This involves using a
generator to generate a scenario that directly integrates the vehicle (victim).
This is why these generation approaches are also called vehicle-in-the-loop
[47]. Real data is often used for the initialization of such environments, but
the generation is similar to knowledge-based approaches, as the parameters
are tailored using various optimization methods [78, 79]. Finding critical
scenarios is often formulated as a reinforcement learning problem. This
eliminates the need for concrete parameterization of the model, as it learns
independently, but via an externally specified policy [47, 80].

2.1.5 Summary

In contrast to the conventional testing of vehicles, the testing of HAVs focuses
on the safety of the intended functions in complex driving environments.
In view of these changes, a new testing methodology is required. Scenario-
based testing has several advantages over the statistical methods: on the one
hand, the same scenarios can be tested, but these are encapsulated and can be
analyzed separately and, above all, also modified. This means that repetitions
can be avoided and important or rare scenarios can be examined in a targeted
manner. In terms of the economic aspect, the most effective approach is
to conduct a formal verification of a driving function. However, due to
underlying assumptions, this is not always feasible and formal verification
can only be applied to specific sub-functions.

It is worth noting that it is difficult to draw a clear line between data-
driven and knowledge-driven methods in the final implementation. Conse-
quently, expert knowledge can not be clearly excluded from the data-driven
paradigm. In fact, it is advisable to make use of expert knowledge, especially
in the initial phase of scene description, where the collection of relevant
information and the reasonable exclusion of irrelevant data can greatly im-
prove the subsequent clustering and classification phase [76]. This ensures a
seamless integration of data- and knowledge-based approaches, which is key
to the design of an effective test process.

2.2 Graph Neural Networks

The purpose of this chapter is to provide a brief overview of machine learning
with graphs. For an insight into the operation of graphs and a very detailed
discussion of graph neural networks, see the book by Hamilton [81], which
is recommended for a deeper insight.
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Graphs are all around us, modeling complex systems with different compo-
nents and various interactions. Graphs and the information stored in them
are described by nodes and especially by edges, which represent connections
between a pair of nodes. In the literature, the term vertex is also used in ad-
dition to the term node and can therefore be used interchangeably. Formally,
a graph G is defined by a set of nodes V and a set of edges E:

G = (V,E) (2.1)

The edge (evu ∈ E) points from a node v (v ∈ V ) to the node u (u ∈ V ). Both
nodes and edges can hold attributes, which means they can store a lot of
specific information about entities and relationships.

The fundamental concept of machine learning with graphs is largely iden-
tical to that of conventional machine learning methods. However, certain
distinctive characteristics must be taken into account. Machine learning tasks
within the graph domain can be divided into four distinct categories. In
node classification, the objective is to predict a type or attributes of a node.
In contrast to conventional supervised classification, nodes within a graph
are not independent and identically distributed (i.i.d.). Node classification
does not consider a single independent data point; rather, it considers a set of
connected nodes. The neighborhood of a node has a highly informative value
about its properties [81]. In relation prediction class, the aim is to predict
missing edges in a set of nodes. A common example of this would be the
suggestion of new friends within a social network. The third class of graph-
machine-learning tasks is the community detection. In contrast to the node
classification and edge prediction tasks, the identification of communities
is considered an unsupervised task. The objective is to identify distinct sets
of nodes within a large graph that show similar properties, and then assign
them to a group. The last category is graph classification. The aim is to
predict the properties of an entire graph. Here, not individual components
such as nodes or edges are predicted, but the entire graph is taken into ac-
count. In most cases, this task is usually trained as a kind of supervised task,
where training graphs have a label. One of the most prominent examples is
to predict the chemical properties of a molecule represented as a graph. In
this dissertation, node and graph classification is primarily applied.

In general, the objective of a Graph Neural Network (GNN) is to generate
a representation of a node that is dependent on the structure of the graph
and its features. One of the most significant differences between GNNs and
conventional Convolutional Neural Networks (CNNs) is that the CNN’s
input is clearly defined and always follows a specific order. Images serve as a
simple example of this, as they are defined by pixels that are arranged within
a well-defined grid pattern. This means that virtually every pixel has exactly
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eight neighboring pixels whose relative position is known. The topology
of graphs is frequently described using an adjacency matrix, which itself
represents an ordered format. However, the nodes within the matrix can be
arranged randomly, thereby describing the same graph. A corresponding
model is therefore not permutation invariant. The concept of permutation
invariance refers to the ability of a model that employs an adjacency matrix
to generate identical outcomes regardless of the rearrangement of rows and
columns.

An important concept involved is message passing MP . Here, a node embed-
ding hi of the node i ∈ G is updated based on its respective neighborhood
nodes ∀j ∈ N (i). Message passing propagates a node’s information one
edge (one hop) at a time. In order to propagate the information further in
the graph, the message passing step is repeated several times in a row. An
index for the update step k ∈ K is added to the node embedding hik notation
to better assign these “time-dependent” states. hi0 represents the initial node
attributes in the input graph.

hik = γk
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j
k−1, e

ji
attr)

) (2.2)

The general formula for the message passing operation is shown in Equa-
tion (2.2). The information from a neighbor node hjk−1 j ∈ N (i) is processed
by the message function mk. This function can have various parameters, but
in most cases the target node state hik−1, the neighbor node state hjk−1, and
the edge attributes ejiattr are used. Normally, an ordinary Multilayer Percep-
tron (MLP) is used, whose weights can be parameterized during training.
Recently, also after the success of transformers [82], attention-based message
functions are used. The standard transformer layer is identical to a GNN
layer, which uses multi-headed attention and which is applied to a fully
connected graph [81, 83].

All messages, which are generated by mk, are then combined using the
aggregation function

⊕
. As mentioned above, it is important that this

function is permutation invariant with respect to the input. In most cases,
the min, max, sum, or mean operator is used. The aggregated messages are
then mapped to the new target node state hik using the update function γk.
Typically, the last target node state hik−1 and the aggregated messages are
processed using a MLP that can be parameterized in training.

Figure 2.5 shows an example graph and a 2-step message-passing operation
for the example node 1. Looking at the last layer, it can be seen that node 1
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Figure 2.5: Example graph and the corresponding message passing scheme
for node 1

is directly dependent on the information of nodes 4, 2, and 5 because they
have an edge to node 1. However, each of these nodes’ information depends
on the message-passing layer that was performed before it. Node 5 in turn
depends on node 3 and node 1, and node 4 depends on node 2, node 3, and
node 6.

The node embeddings hk generated by message passing can be used for a
node classification task or an edge prediction task. To make a statement about
the whole graph, graph pooling (or graph readout) comes into play. Similar
to the message aggregation function, a function must be found that converts
a set of nodes into an embedding for the full graph. In practice, basic sum or
mean operators are used for most graphs. More complex, attention-based
methods are sometimes used, especially for larger graphs [81].
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3 Scene Representation

Arguably, the key element in a data-based processing chain is the selection of
an appropriate environment representation and the associated processing of
the output data. This representation determines the overall information that
can be represented and the manner in which it can be accessed. In essence,
the representation should create a model of the world that, ideally, contains
all the information relevant to the subsequent task. In the context of highly
automated driving, a variety of information sources, such as sensors, maps
or other communication interfaces, are often merged. This representation
serves as an abstract interface for the subsequent driving tasks. The 5-layer
model [70] provides a reasonable categorization of the various environmental
factors that can be relevant for highly automated driving.

In road traffic, processes and entities follow certain rules. The more struc-
tured and repetitive the environment, the more the representation model can
abstract it without losing important information. Selecting an appropriate
descriptive model relies heavily on the intended downstream task. This is
because the focus of the abstraction model should be tailored to the objectives
being pursued. The selection of an appropriate description model is based
on the assumption that it contains important information for the selection of
relevant scenarios for the testing of driving functions.

This section describes the dataset used in this thesis, and discusses various
methods for creating descriptive models. Finally, a detailed explanation of
the description model created specifically for this thesis is provided, which
tries to answer Research goal 2.

Parts of this chapter have been published previously in the following peer-
reviewed publications [8, 1, 2], and some of the content has been adopted
verbatim.

3.1 Input Data

Real data serves as the foundation for all subsequent investigations presented
in this work. Numerous publicly available traffic datasets exist [84, 85, 86,
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87, 88, 89], each with distinct characteristics and information. As a result,
certain datasets are suitable for specific applications while others are not.
The following section briefly outlines the necessary data requirements and
information notation.

This work examines the behavior and social interactions of traffic participants
in the form of their trajectories and scene constellations. The prerequisite
for the data to be further processed is that for each desired point in time, all
traffic participants I can be assigned to a discrete state. The state X of the
traffic participant i (i ∈ I) is defined as follows:

X i = {xi, yi, ψi, ẋi, ẏi, ẍi, ÿi, wi, li, κiobj} (3.1)

The traffic participants are considered exclusively in a planar R2 coordinate
system. Here, xi and yi describe the geometric center of the traffic participant
in a local metric coordinate system, whose origin is usually defined by a
geodetic reference point. ψi specifies the orientation (yaw angle) of the vehi-
cle. ẋi, ẏi and ẍi, ÿi specify the traffic participant’s two-dimensional velocity
and acceleration, respectively of the traffic participant, in the direction of the
respective axis. The dimensions of the respective object box is described by
the width wi and the length li. In addition to the geometric information, an
object is described by its classification κiobj (Car, Pedestrian, Truck, ...).

The states X of all traffic participants at a given time step are then combined
to a scene and described by the scene state SR2(t):

SR2(t) = X i(t)|i ∈ I}. (3.2)

In general, any dataset or synthetic data that meets the above requirements
and provides an HD map can be used for the analyses shown below. Object
list motion datasets are particularly well suited for trajectory analysis. Promi-
nent examples are the InD [86] and HighD [87] datasets, the NuPlan dataset
[89], and the INTERACTION dataset [85]. Furthermore, the TAF-BW dataset
[1], which focuses on trajectory data in combination with traffic light control,
was generated in the course of this work and forms an additional dataset.

The INTERACTION dataset is used for all further investigations. This dataset
captures the behavior of vehicles on roads in different countries, with a focus
on intersections and roundabouts. Compared to the TAF-BW dataset, the
INTERACTION dataset contains far more data and more different types
of intersections, which have also been recorded in other countries with
different traffic regulations, making it significantly more valuable. Figure 3.1
shows exemplary traffic scenes on the various road maps contained in the
dataset. The utilization of a drone for recording helps to provide consistent
observation of identical locations in each sequence. This is an advantage over
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3.2 State of the Art

Figure 3.1: Road maps of the INTERACTION dataset. The black lines indi-
cate lane boundaries or road markings, while the blue rectangles
represent the pose of traffic participants.

datasets that have been recorded from the perspective of a vehicle (e.g. the
NuScenes dataset [89]), as it makes it easier to compare the behavior of traffic
participants. This is based on the assumption that the environment, apart
from the traffic participants, remains identical, and changes in behavior can
be largely reduced to other dynamic traffic participants. In addition to object
tracks, the dataset also comprises corresponding HD maps of the roads. Each
object in the dataset is defined by its pose in Cartesian space, classification,
and velocity, sampled at a rate of 10 Hz.

3.2 State of the Art

Environment representations can be classified according to their level of
abstraction and how the various elements are related to each other. Bring-
ing together a vast range of different sources of information (e.g. different
sensors) requires the development of a robust and comprehensive environ-
mental model. This model serves as a distilled representation of the actual
world and provides the basic framework for all subsequent tasks. The greater
the degree of abstraction, the more the model shows increased generality in
terms of its ability to represent different environmental contexts. However,
it should be noted that models with less abstraction hold more information.
Overly complex models can pose difficulties in terms of interpretation in
subsequent processes [53].
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3.2.1 Spatial Representation

The most abstract and therefore the most compact representation of the
environment are feature maps or object lists. These use single points in space
for objects and their associated features to represent the environment. Motion
datasets are often presented in this simplified format to minimize storage
requirements, focus the information they contain on a specific task and
preserve the anonymity of the recorded traffic participants (see Section 3.1).

Moving towards a more granular level of abstraction, grid maps are a popular
representation of the environment. This approach divides the environment
into a finite number of cells, which are often uniformly distributed across 2D
space. This variant can occur in a simple binary form; such an occupancy
grid shows whether the cell is occupied and whether, for example, an object
is located there. Taking this concept further, cells can be classified to indicate
the type of object within the area. This results in the commonly used birds-
eye view, which represents the environment as an image where each pixel
corresponds to a cell. This representation has been particularly popular in
recent years for birds-eye-based trajectory predictors [90, 91, 92]. A detailed
discussion of trajectory predictors and the representations used are explained
in more detail in Section 6.1.

The most detailed level of abstraction is where the sensor data is directly vi-
sualized. This could include point clouds from Light Detection and Ranging
(LIDAR) sensors or camera images, for instance. Several intermediate levels
that cater to specific use cases exist between the mentioned individual ab-
straction levels. For a comprehensive analysis of various spatial environment
representations, refer to the survey of Schreier [53].

Spatial representations have become increasingly popular in recent years,
especially in the context of data-driven approaches. This may be explained
by the accessibility and availability of the underlying data [89, 88, 85, 86, 87],
but also by the convenience of processing such data. In particular, images
that can represent a grid map, for example, can be processed surprisingly
efficiently and with little effort using CNNs.

A decisive disadvantage of spatial representations is the neglect of explicit
dependencies and relations between objects. In reality, objects follow certain
rules. For instance, a model can predict a trajectory that follows the course of
the road utilizing a top-down grid map where the road boundaries and the
road markings are depicted. However, if the relationships and dependencies
between entities become more complex and cannot necessarily be derived
from the object’s position, they can no longer be captured using spatial repre-
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sentations. This disadvantage is addressed through the use of topological
representations.

3.2.2 Topological Representation

In contrast to the exclusively spatial approach, parts of the environment
can be described using topological models. In this case, the environment is
defined as a set of distinct objects. It is possible to explicitly incorporate in-
teractions into the modelling process. However, it is not feasible to represent
all minor details, and therefore the interactions must be as straightforward
as possible.

Ontologies are suitable for such an explicit description of objects and, in par-
ticular, their interactions. Within computer science, an ontology structurally
models a domain and can be adopted by an application as a knowledge
repository [71]. As per Studer et al. [93], “an ontology is a formal, explicit
specification of a shared conceptualization”. The key benefits of ontologies result
from the conceptualization described by Studer et al. [93]. Firstly, ontologies
have the characteristics of being shared and explicit, which allows them to
encapsulate common knowledge and provide a vocabulary without ambi-
guity [94]. Secondly, ontologies are characterized by their formal language
specification, which enables computational processing and promotes hu-
man interoperability and reusability [95]. Thirdly, ontologies rank concepts
and relations in a hierarchical taxonomy, creating a structural framework
that facilitates knowledge deduction through semantic connections and set
regulations [96]. In terms of architecture, an ontology can be divided into
terminological boxes and assertion boxes. The terminological boxes contain
the general background knowledge consisting of the concepts, relations, at-
tributes, axioms and rules. The assertion boxes contain instances or specific
objects and relations between them. For further information, refer to the
work of Studer et al. [93].

In the field of autonomous driving, ontologies serve two primary purposes.
Firstly, they are utilized to generate scenarios for knowledge-driven scenario-
based testing [75, 74, 71, 97, 98]. Secondly, they are applied to evaluate the
perceived environment of the automated vehicle, assess the situation, and
determine the next course of action based on these results [99, 100, 101, 102,
103]. The core idea remains the same, regardless of any variations in the
original concept: to describe the environment and its significance in executing
the highly automated driving task.

Klück et al. [75] and Wotawa et al. [74] leverage ontologies to define influence
factors and test parameters (like road parameters or vehicle dynamics), trans-
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forming the ontology into an input model for a combinatorial algorithm that
generates test suites of abstract scenarios. These scenarios encompass road
infrastructure and ego-vehicle position and speed. Similarly, Bagschick et al.
[71] construct an ontology for scenario modelling, encompassing road, traffic
infrastructure, temporary road manipulations, static and dynamic objects,
and the environment layer, where the description of the environment is based
on Schuldt’s five-layer model [70]. Chen and Kloul [104] employ a three-
layered methodology for the generation of test scenarios. This methodology
incorporates a highway, weather, and vehicle ontology for the modelling of
static and mobile scenes. Additionally, it incorporates first-order logic rules
for the description of interactions and a generation layer for adding scenes
with actions and events.

The simulation scenario generation framework of Medrano-Berumen and
Akbas [98] use a matrix where each row represents a road piece or actor in a
semantic string. The string defines a road piece with parameters including
type, length, lanes, speed limit, and intersection pattern. For the description
of actors, parameters, such as actor type, path type, moving speed, start
location and offset are included.

Elgharbawy et al. [105] take a data-driven approach, using various data
sources to identify driving situations and cluster data into groups. They
utilize data regression to generate scenarios based on characteristic signals.
Herrmann et al. [106] provide another example of how ontologies can be
applied to a data-driven approach. They use ontologies to describe images
of traffic situations, create training and test datasets, and annotate data.
Their ontology considers various concepts, including lighting conditions,
pedestrian clothing, buildings, and road conditions.

In the context of scenario-based testing, Bogdoll et al. [107] propose a master
ontology for modeling diverse corner cases for autonomous vehicles. This
ontology can be converted into the OpenSCENARIO [108] format for simula-
tion testing, enabling the evaluation of challenging scenarios not encountered
during training data collection.

Several studies have explored the application of ontologies for enhancing
decision-making in autonomous vehicles. Ulbrich et al. [99] developed a
graph-based scene representation similar to the W3C Web Ontology Lan-
guage [109], that consolidates information from environment perception
modules, maps, and Vehicle-To-Everything (V2X) data, enabling context
modelling and informed decision-making. They include details about the
ego-vehicle, other objects, infrastructure, and knowledge of the situation,
including planned routes and actions, along with constraints representing
traffic rules. Hülsen et al. [100] demonstrate the significance of reasoning
on sensor data in decision-making, introducing relations such as hasToYield
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and hasRightOfWay. They focus on improving decision-making at intersec-
tions, emphasizing the need to predict future maneuvers. This approach
emphasizes the importance of high-level semantic traffic models and lane
relations. Buechel et al. [101] also adopt an ontology-based approach for
decision-making but with a broader scope, encompassing generic traffic rules
and national regulations. Their ontology facilitates cross-country applicabil-
ity by modelling rules in a generic manner whenever possible. Contrarily,
when generic modelling is not feasible, they represent traffic rules as a class
instance. Regele et al. [102] align with the focus of Hülsen et al. on traffic
coordination at intersections, but distinctively address the challenge of choos-
ing the right abstraction level for the model. They propose a two-tier model,
distinguishing between a low-level world model for trajectory planning and
a high-level model for traffic coordination, prioritizing semantic meaning for
quick decision-making.

Fang et al. [103] recommend a probabilistic approach for forecasting long-
term behavior of nearby traffic participants, with an ontology representing
encountered situations and behavioral intention series, which let them model
future interaction of traffic participants. In contrast, Huang et al. [110] take
a deterministic approach for decision-making, using ontology to assess sce-
narios around the ego-vehicle. Like Huang et al. Kohlhaas et al. [111] utilize
eight regions around the considered vehicle that describe its environment
and its spatial interaction with other vehicles in a semantic way. This state
space includes possible transitions and their associated probabilities and
validity, enabling high-level maneuver planning. Petrich et al. [112] present
a tensor-based approach that considers relationships between entities in com-
bination with the environment to model high-level context information. This
approach generalizes over a variety of scenes (referred to as situations) by
using a unified description.

Zhao et al. [113] transform sensor data into a Resource Description Frame-
work (RDF) and store it in an ontology. A query engine retrieves information
about the environment, position, and direction of the vehicle from the on-
tology. The ontology consists of three sub-ontologies that can represent the
topology of the road, the type of traffic participants and their behavior.

Many of the ontologies shown above can represent the environment very
accurately, and in particular the ontologies developed for scenario-based
testing can also represent the processes and intentions of traffic participants
well. The consensus of the ontologies, which is also particularly pronounced
in the decision-making ontologies, is the importance of the road topography.
Furthermore, in almost every ontology, the position and the dynamic state are
defined to some extent. Table 3.1 displays a summary of the most prominent
categories considered in the ontologies reviewed. While one advantage of
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ontologies is the ability to precisely define the relationship between entities,
information beyond the spatial content can typically be represented in the ap-
plication through manual labelling or only by ground truth information, for
example in a simulation. This makes it challenging to process the information
in an automated, data-driven manner.

Road
Geometry

Road
Condition

Road
Markings

Road
Type

rel.
Position

State
of TP

Intentions/
Actions

Traffic
Rules

Static
Objects Signs Environment

Bagschik [71] ✓ ✓ ✓ ✓ p ✓ ✓ ✓ ✓
Klück [75] ✓ ✓ ✓ pv
Wotawa [74] pva Driver Type
Chen [97] ✓ ✓ ✓ ✓ pv ✓ ✓ ✓ ✓
Medrano-Berumen [98] ✓ ✓ pv ✓
Schuldt [70] ✓ ✓ ✓ ✓ v ✓
Elgharbawy [105] ✓ p ✓
Ulbrich [72] ✓ ✓ p ✓ ✓ ✓
Hülsen [100] ✓ ✓ p ✓ ✓ ✓
Büchel [101] ✓ ✓ ✓ ✓ pv ✓ ✓ ✓ ✓ ✓
Regele [102] ✓ ✓ pva ✓ ✓
Bogdoll [107] ✓ pva ✓ ✓
Huang [110] ✓ ✓ ✓ ✓ pv ✓ ✓ ✓
Zhao [113] ✓ ✓ ✓ ✓ pv ✓ ✓
Fang [103] ✓ ✓ ✓ pv ✓ ✓
Kohlhaas [111] ✓ ✓ pv
Herrmann [106] ✓ p ✓ ✓
Westhofen [114] ✓ ✓ ✓ ✓ pva ✓ ✓ ✓ ✓ ✓

Table 3.1: Representability of different categorizations by the investigated
ontologies. The state of traffic participants (State of TP) is described
by the position p, the velocity v and their acceleration a (Adapted
from [2]).

Ontologies often tend to annotate things very precisely, which inflates the
model and can make it difficult to generalize. For a detailed comparison of
ontologies in the context of safeguarding autonomous driving, please refer
to the paper by Zipfl et al. [2].

3.2.3 Graph-based Representation

In recent years, there has been a trend to represent the environment in the
form of graphs, especially for predicting the behavior of other traffic partic-
ipants (see Section 6.1). Ontologies, constructed with RDF, can be viewed
as a type of heterogeneous graphs. This thesis makes a distinction between
knowledge graphs and plain networks, which will be referred to as graphs
in this work. Graph-based description models, on the other hand, tend to be
more concise and integrate both numerical and semantic information.

In the work of Zhou et al. [115] a fully connected graph is used to describe
a scene for pedestrian prediction. Each node within the graph corresponds
to a pedestrian. A second graph is added for each pedestrian and its past
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trajectory to capture the temporal dependency. The weighting of edges is
subsequently determined using a learned process that is dependent on the
scene. Yu et al. [116] employ a similar approach, but only span undirected
edges between pedestrians that fall below a certain distance threshold. Other
approaches [117, 118, 119] for the prediction of movements differ only slightly
in their representation of the environment. The graphs are usually either
fully connected or have edges only between nodes that are spatially close.
Gao et al. [120] propose an approach called VectorNet that employs an
environment representation of both map and traffic participant features
to learn ego trajectories. Both map elements and traffic participants are
represented by nodes. All nodes collect information as a fully connected
graph within a certain radius around the root node.

Diehl et al. [121] develop an early approach to link vehicles in a highway
scene using edges. The nearest eight vehicles (similar to the work of Kohlhaas
et al. [111]) are chosen as the condition for an edge. Ma et al. [122] introduce
an approach that utilizes an image based machine-learned pre-processing
step to imitate human prior scene understanding, including understanding
of pairwise relationships between agents and inferred pairwise contextual
information. Edges have different attributes, such as the Euclidean distance
or the distance in Frenet coordinates between traffic participants. In contrast
to previous graph representations, only traffic participants who influence
each other’s behavior are connected by edges.

A thorough comparison of various descriptive models concerning the em-
phasis on social relations within the road traffic context is developed in the
survey of Wang et al. [123]

3.2.4 Summary

The weighting of pieces of information about a scene is dependent upon
the type of scene representation. This is either because the information
can not be represented in an effective manner or because it is unimportant
for the respective tasks. Current scene descriptions often focus on spatial
information and neglect interactions between entities, as shown in the above
excerpt from the state of the art. However, to describe the traffic scene
accurately, it is essential to describe the social interactions (see Definition 3)
between individual traffic participants [123, 124, 125]. These interactions
determine the future course of the scenario and the behavior of different
actors.

For this reason, ontology-based description models take into account rela-
tionships between individual traffic participants and static objects. Specific
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Definition 3. The Social interaction that occur within the context
of road traffic are characterized by a dynamic sequence of actions,
which are shaped by the actions and reactions of individuals. This is
achieved through an information exchange process between two or
more agents, with the aim of maximizing benefits and minimizing
costs cf. Wilde et al. [123].

interactions and relations are considered, resulting in a large ontology that
can be challenging to use when describing a traffic scene at high detail level.

The graph-based approaches combine the advantages of spatial approaches
by deriving and calculating automatically generated features based on spatial
representations, while retaining the explicit relationships and object features
between nodes through defined edges. It is important to note that the level
of detail is not as precise as with topological representations. The lightweight
representation offers advantages for both data storage and processing per-
formance [121]. Furthermore, a Frenet space representation is particularly
generalizable, allowing for different traffic scenes regardless of the road
geometry and even the constellation of traffic participants [122].

Traditional approaches to describe traffic scenes make it challenging to com-
pare scenarios involving varying road geometries, locations or traffic partici-
pants on a scalable basis. It is necessary to develop a model that can describe
a broad spectrum of traffic scenes. This enables similar scenes to be grouped
and classified, while still containing enough information to understand the
behavior of traffic participants. Recent graph-based approaches create edges
between entities based on spatial proximity, which is certainly an important
factor. However, vehicles that are not in the immediate vicinity also have a
relevant influence on the behavior and thus on the whole situation. In order
to map such relations without using a fully connected graph, it is necessary to
identify an appropriate approach to reflect this. It is also crucial to minimize
the number of entity and relation types. Based on the most important and
most represented categories in ontologies for scene description from Table 3.1
and the important points elaborated above, a lightweight, generalized scene
description must be found. To achieve this, the Semantic Scene Graph (SSG)
model is introduced and applied.

3.3 Semantic Scene Graph

The Semantic Scene Graph model allows the description of traffic scenes
according to the road topology and facilitates the comparison of scenes
independent of their location. Traffic participants are described as nodes.
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The relations between traffic participants are represented by semantically
categorized (longitudinal, lateral, intersecting) edges. This results in a scene
description that neglects the road geometry and places traffic participants
within the road in a relationship to each other. Attributes on the edges further
specify the relationship, while attributes on the nodes describe the respective
traffic participants. This abstract description is designed to facilitate machine
readability, making it practical to apply machine learning methods to traffic
scenes. GNNs can examine and process SSGs. Improved understanding of
other traffic participants could improve the decision-making process of a
driving mechanism (see Chapter 6).

3.3.1 Traffic Data, Road Data, and Additional Information

The basic components of the automatic generation of the SSG for a traffic
scene are the object list and the corresponding road information, which are
described in detail in Section 3.1. It is crucial to include information about
the road topology, such as which lanes are connected and how they are
connected.

The road map is described by a directed graph Groad defined by (Vroad, Eroad).
Each elementary road segment (lane) is described by a node vroad ∈ Vroad.
Two different road segments (varoad, v

b
road) can be connected by edges eabroad =

(varoad, v
b
road, κ

ab
road) ∈ Eroad. The respective edge attributes κabroad indicate how

two road segments are connected to each other. Two road segments can be
located next to or behind each other in the direction of travel. In the latter
case, the directed graph can clearly identify the predecessor and the successor.
In addition, two lanes can cross or overlap each other, for instance at a road
junction. Figure 3.2 shows an exemplary road network and the resulting road
graph, where each elementary road segment is represented by a node. Each
road segment in Figure 3.2a is shown as a node in Figure 3.2b. The segment
A lies topologically next to segment E and proceeds in the same direction,
therefore the corresponding nodes have an adjacent relationship. The elemen-
tary road segments A, B, G form a roadway. Thus, the corresponding nodes
(A, B, G) in Figure 3.2b are connected with directed consecutive edges. If two
elementary road segments overlap, a bidirectional overlapping edge is found
in the road graph. This can occur when two roads intersect (as seen in C and
B) or when two lanes merge into a single lane (as seen in F and C).

In addition to the road topology, traffic signs and the resulting traffic rules
are of great importance. Information regarding the traffic rule situation is
either deducted from the explicit or implicit road data (e.g. traffic signs,
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Figure 3.2: A geometric depiction of elementary road segments (A, B, C, D, E,
F) defined by the lane boundaries (a). The right illustration shows
he resulting road graph; possible relations (consecutive, adjacent,
overlapping) are defined by edges between the road segments’
nodes (b). (Adapted from [8])

right of way, ...) or parsed from additional information sources (e.g. time-
dependent signal phases for the traffic lights). This additional information
can be appended with each respective road segment, and subsequently
be stored as node attributes in the corresponding graph. However, it is
important to note that the dataset used in this work (see Section 3.1) does not
include traffic signs, explicit right-of-way rules, or traffic light information.
Therefore, the SSG only takes into account the pose of traffic participants and
their corresponding positions on the road.

3.3.2 Spatial Abstraction

In order to comprehend a traffic scene, it is crucial to consider the relative
distances and velocities of the traffic participants, as they have a significant
impact on each other’s behavior. Absolute poses in the Cartesian space are of
lesser importance. In essence, the most crucial aspect of traffic dynamics is the
manner in which traffic participants interact with one another in the context
of the road, rather than the specific location where this interaction occurs.
In the proposed approach, the traffic participants described by objects in
Cartesian space are projected onto the Frenet space [126]. The road segments’
centerlines represent the curves. Consecutive road segments of a path in the
road network are combined and represented by one curve.
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The projection is the first phase in the process of combining the road topology
and the object lists. Each traffic participant of a traffic scene in the Carte-
sian space SR2 is individually assigned to one (or more) elementary road
segment(s) a, depending on its pose in space. This assignment is defined by
a projection identity mi

a. To ensure accuracy, it is important to consider all
potentially relevant projection identities mi in near proximity, in the case of
ambiguous poses of a traffic participant i, as some spatial information may
be lost during projection (compare Figure 3.3). Depending on the position
and orientation relative to the road segment a, a probability Pproj(m

i
a) is esti-

mated how well the actual pose of the traffic participant i matches the road
segment a. The maximum probability is achieved when the traffic participant
is placed in the lateral center of the road segment and perfectly aligned with
its orientation. To determine the Pproj(m

i
a), the Gaussian function is used:

fd(dn) = exp

(
− d2n
2σ2

d

)
(3.3)

fp(Φ) = exp

(
−(cos(Φ)− 1)2

2σ2
p

)
(3.4)

Pproj(m
i
a) = fd(d

ia
n ) · fp(Φia). (3.5)

dian and Φia describe the Euclidean distance of the traffic participant i to
the centerline of the road segment a and the angular deviation between
its centerline and the orientation of the traffic participant. The standard
deviations σd and σp allow the customization of the specificity to more distant
or more rotated road elements. To restrict the number of road segments taken
into account for a traffic participant, the search range for matching identities
can be limited by distance. Additionally, threshold values can be set for the
functions fd and fp. The probabilities Pproj(m

i) of allmi of a traffic participant
i are then normalized to 1.

In the shown example in Figure 3.3a, vehicle i is displayed on top of three
road segments (K, L, M). The distance diKn between i and K, as well as the
angular deviation ΦiK between the centerline of the lane and the orientation,
are displayed. As shown in Figure 3.3b, each projection identity mi

K, mi
L,

mi
M is aligned with its respective track. The opacity indicates how high

the matching probability is. Here, the vehicle i is spatially farthest from
the centerline of M compared to the other tracks. In addition, the angular
deviation is also largest here. Consequently, the matching probability is
lowest in this case. All vehicles, such as cars, bicycles, trucks and motorcycles,
are mapped to the tracks in the same way. Pedestrians, on the other hand, are
projected onto nearby lanes regardless of their orientation. The motivation
for this is that pedestrians rarely move, similar to vehicles, on and along the
road, but cross it or walk on a nearby sidewalk. Therefore, they are mapped
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Figure 3.3: Top-down view of vehicle i (and its state X i) on three road seg-
ments K, L, M (a). Three resulting projection identities mi

K, mi
L,

mi
M form the projected state X̂ i of i (b). (Adapted from [8])

to the nearest road segments to avoid neglecting them in the abstraction of
the environment.

The result of this projection is that each traffic participant i is linked to a set
of elementary road segments by its projection identities mi defined by X̂ i.

3.3.3 Creation of the Semantic Scene Graph

In order to represent significant relationships between individual traffic par-
ticipants, their position in relation to other traffic participants I is considered
with respect to the road graph Groad. The principles of these relation types
follow ideas of human behavior patterns. Semantic relationships, such as
being in the same lane, adjacent lane, parallel lane, or intersecting lane, are
the decisive factors. This information is already implicitly contained in the
road graph, in combination with the matched traffic participants. However,
in this representation, it is decided to specify the relations explicitly. Possible
routes along the road network are taken into consideration to determine the
relations between traffic participants’ projected states X̂ .

Figure 3.4a shows an exemplary projected traffic scene with five vehicles
amd their projected states. Every vehicle, except vehicle 1 (m1

E,m
1
A), has only

one projection identity for the sake of simplicity. A depiction of the resulting
Semantic Scene Graph Gscene = (Vscene, Escene) is shown in Figure 3.4b. In the
following part, it is discussed how to specify different edge classifications

κrel. Furthermore, all attributes of an edge escene = (i, j, e
mi

am
j
b

attr ) are described
in detail.
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3.3 Semantic Scene Graph

e
mi

am
j
b

attr = {κrel, Prel, dF , dip, a, d
ia
n ,Φ

ia, b, djbn ,Φ
jb} (3.6)

Each traffic participant i is represented as a node viscene ∈ Vscene. Each vscene
stores only the classification type of the object and its absolute velocity (see
Equation (3.7)).

viscene = {κobj,
∣∣ẋi, ẏi∣∣} (3.7)

To determine the edges between nodes vscene, the projected state X̂ of each
traffic participant is used, thus comparing all projected identities m (see
Section 3.4). Given that multiple projection identities mi may be assigned to
a single traffic participant i (and its node viscene), parallel edges between two
nodes within the graph may be formed (see node 1 in Figure 3.4b). This can
even lead to two parallel edges with the same type κrel, for example of the
merging of the lanes betweenm1

E andm3
H and betweenm1

A andm3
H where the

lanes intersect. In order to ensure the unambiguity of the stored information
for several projection identities of a traffic participant, the information is
not stored in the nodes but in the edges, as shown in Equation (3.6) and
Equation (3.7). Within the SSG, edges are spanned between the nodes, i.e.
the traffic participants. However, since the individual projection identities
are decisive for this, the notation of an edge between projection identities is
used in the further course of the work for the sake of simplicity.

The probability of an edge Prel between two projection identities (mi
a and mj

b)
is defined by Equation (3.8). This value enables the sorting of multiple parallel
edges and enhances readability. This value is relevant when combining
several parallel edges into a single edge, as illustrated in Equation (3.15).

Prel(m
i
a,m

j
b) = Pproj(m

i
a) · Pproj(m

j
b) (3.8)

Longitudinal Relation

Let pabroad be a path in the road graph Groad between two road segments
varoad and vbroad (represented as nodes in the graph) on which there are two
projection identities mi

a, mj
b. If all edges of pabroad carry the attribute consecutive,

the two traffic participants i, j have a longitudinal relation with each other.
As a result, an edge eijscene between viscene and vjscene can be spanned with the
attribute semantic classification κrel = longitudinal. These can be seen, for
example, in Figure 3.4 between m2

E and m4
D (nodes 2 and 4). This means that

the two vehicles travel in the same lane, one after the other.
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Figure 3.4: The same road network as in Figure 3.2 with six projection iden-
tities m of five vehicles (a). The resulting scene graph, where
each traffic participant is represented by a node and the relations
between its projection identities as edges (b). (Adapted from [8])

Lateral Relation

Vehicles traveling in adjacent lanes are connected in the SSG with a lateral
relationship. That means as soon as a path pabroad between varoad and vbroad exists
in Groad, where each edge in pabroad has the attribute consecutive and exactly one
edge adjacent, those traffic participants in the scene graph carry the attribute
κrel = lateral (see in Figure 3.4 node 1 and node 4). Lateral relationships are
always bidirectional. This means, if in a directed graph there exists an edge
eijscene with a lateral attribute, there also exists an edge ejiscene.

Intersecting Relation

Intersecting traffic participants i, j (κrel = intersecting) traveling in lanes that
will overlap or merge. That means there exists a path pabroad ∈ Groad where each
edge of pabroad carries either the attributes consecutive or adjacent and exactly
one edge carries the attribute overlapping. Note that once an edge with the
attribute overlapping is in pabroad, all subsequent edges must be reversed. This
is shown in Figure 3.4 at node 1 and node 3. In the corresponding road
network, parts of the road segments C and B lie geometrically on top of
each other (see Figure 3.2). Looking at the path pAH

road = {A,B,C,H} in the
corresponding road graph, it can be noted that paths for intersecting relations
contain reverse-edges (e.g. eHC

road).
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3.3 Semantic Scene Graph

In practical use, it sometimes makes sense to limit the length of the path
|proad|. The number of edges as well as the corresponding length of the road
can serve as a limit.

In addition to the semantic classification of the relations κrel, important
parameters are included as attributes in the edges. If the relation is not an
intersecting one, the distance (in Frenet coordinates) dF between both traffic
participants’ projection identities (mi,mj) is stored. Otherwise, the distance
to the intersection point dip is calculated. It should be noted that dF and dip
can also be negative, since they are measured in the direction of travel. The
edge attributes also store information about the projection identities mi

a and
mj

b. Furthermore, the distance dn between the projected position and the
original position is calculated. Additionally, the angular deviation Φ between
the traffic participant’s orientation and projection’s orientation are stored in
escene. Thus, for each edge, the distances of the projection identities (to the
original traffic participant’s pose) and additionally the affiliation to each road
segment a, b are provided by Equation (3.6).

As stated before, the resulting SSG combines all projection identities of a traf-
fic participant into one node. Information regarding the projection identities
can be stored within the corresponding edges. If the projection identities are
to be chosen as separate nodes, the scene graph’s size would grow drastically,
which would reduce the interpretability and inference of the graph. Further-
more, this maintains the affiliation of the projection identities to the actual
traffic participant.

dF
1,2

2

1

3

4

dF
3,4

dF
2,pint

dF
2,4

pint

dF
3,pint

Figure 3.5: Schematic traffic with distances be-
tween traffic participants (Adapted
from [7])

edge κrel dF dip

e1,2 lat d1,2F -
e2,1 lat −d1,2F -
e2,3 int - dip

2,pint

e3,2 int - dip
3,pint

e2,4 lon d2,4F -
e3,4 lon d3,4F -

Table 3.2: Edge distance
attributes of the
scene described
in Figure 3.5
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3 Scene Representation

Figure 3.5 illustrates how distances are stored in the edges through a schematic
example and the corresponding distances are listed in the Table 3.2. If two en-
tities have a longitudinal relation (e.g. e2,4scene), the distance along the centerline
of the road to the entity’s projection is calculated. This ensures that any lateral
shift of the entity does not affect the distance. The principle remains the same
for merging lanes. It should be noted here again that different elementary
road segments can also be combined to form a path, as long as they follow
each other consecutively (see e3,4scene). The point where the two roads merge or
overlap is called pint in this example. pint is located at the geometric center
of the overlapping road segments. pint serves as an anchor to determine the
distances of intersecting vehicles. If there exists an edge e2,3scene with κroad =
intersecting, only the distance of the tail node entity (in this example 1) to pint
is defined. However, since all intersection edges have an antiparallel partner
(here e3,2scene), the distance of the other traffic participant to the intersection
point is taken into account in the inverse edge. At parallel adjacent roads,
the distance between the two entities is determined similarly to longitudinal
calculation. In this example, vehicle 2 is projected to the same lane as vehicle
1. Then the distance between both traffic participants is measured (compare
d1,2F ).

3.4 Implementation

The generation of the Semantic Scene Graph Gscene(t) for a timestamp t from
an object list consists of three steps.

For the calculation of the required distances and attributes, the open source
libraries lanelet2 [127] or liblanlet [128] are used. The advantage of these
libraries and HD-map of the used dataset are that the map is already divided
into road segments called lanelets. In addition, the map is stored directly in a
road graph and the calculation of relations as described Section 3.3.3 can be
applied directly to it.

First, the distance dn between all traffic participants i ∈ I contained in the
object list to all road segments is computed. A threshold value is specified in
order to filter out non-relevant traffic participants (I → I ′, I ′ ⊆ I), e.g. vehi-
cles parked in parking lots or pedestrians who are far away. Subsequently,
for all remaining i ∈ I ′, all projection identities mi are estimated. This is
done by comparing the centerline of each road element of the road map with
each pose (xi, yi, ψi) of X i in SR2 . The resulting projected states X̂ i are stored
as node elements in a graph structure. For larger maps, a subdivision of
the scene into sub-scenes is recommended. Since the approach presented
here is developed for the consideration of small, local traffic scenes, such as
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3.4 Implementation

an intersection or highway entrance, the spatial subdivision of the map is
not further considered. In the second step, the relations between all traffic
participants are determined. To do so, for all X̂ i (∀mi), all potential paths
P i

road (routes the vehicle can take regarding its current position) are searched.
Using a Dijkstra’s algorithm [129], a set of possible paths P i

road in Groad (all
eroad ∈ Eroad should be treated as undirected edges, to also find reverse-edges)
with a given starting node i are found. The sum of the lengths of the road
elements is chosen as cutoff distance. Then, all projection identities mi of
X̂ i are compared with all mj ̸∈ X̂ i. Assuming mi

a and mj
b have the possible

paths P i
road and Pj

road; whenever b ∈ P i
road, a relation escene is created. κrel is

determined using the conditions described in Section 3.3.3. In addition, to
identify future intersecting paths, all road elements in P i

road are compared
with Pj

road and checked for the overlapping condition. If this statement is true
for any element, then κrel = intersecting.

To make the graph usable for other applications, it is exported to the dot
language [130]. This interface enables data to be accessed easily from a wide
variety of applications.

For further data processing, it often makes sense to convert this information
into matrices. This is indispensable for creating datasets for machine learning
approaches. For this purpose, the following file format, which is based on
the TUDataset [131] is suggested for the graph information.

3.4.1 Graph Topology

It is common that connections between nodes are specified by an n × n
adjacency matrix A (n = number of nodes). If there exists an edge between
node i and node j the entry at the i-th row and j-th column Aij = 1. In
this application it makes sense to store the connectivity information in the
coordinate format (COO) A′, as this facilitates the description of parallel
edges. A′ is a n× 2 matrix, where each row contains both nodes (viscene, vjscene)
which are connected by an edge escene.

A′
k = [viscene, v

j
scene], (3.9)

where k ∈ escene, which also allows enumerating edges.

3.4.2 Node Attributes

The classification and the current state of a node i is specified in a vector ui

which is concatenated with all other vectors u of the nodes of vscene which
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3 Scene Representation

results in a n × ∥u∥ matrix B. The first entries of u carry the information
of the object’s classification κiobj in the shape of a one-hot encoding. The
one-hot encoding function δtype

κi
obj

distinguishes between the classification type

type ∈ {car, pedestrian, bike, truck, other} of the object. If, for example, an
object i is classified as a bike then δbike

κi
obj

returns a 1:

δtype
κi
obj

=

{
1, if κiobj = type,

0, else
(3.10)

Furthermore, the absolute velocity |ẋi, ẏi| of the object i is added.

Bi = ui = [δcarκi
obj
, δpedestrian

κi
obj

, δbikeκi
obj
, δtruckκi

obj
, δotherκi

obj
,
∣∣ẋi, ẏi∣∣] (3.11)

3.4.3 Edge Attributes

An edge’s information is denoted by A′
k are specified by the edge attribute

matrix C in the row k. Similar to the node attribute vector u, the edge attribute
vector Ck of escene contains both classification and conditional information.
The classification is described by a one-hot encoding defined by δtypeκrel

where
type ∈ {lon, lat, int} (compare Equation (3.10)).

Ck = [δlonκrel
, δlatκrel

, δintκrel
, Prel, dF , dip, a, d

i
n,Φ

ia, b, djn,Φ
jb] (3.12)

In certain applications, the use of parallel edges is not feasible due to mathe-
matical or time constraints. Therefore, if necessary, all parallel edges between
two nodes can be merged into a single edge. If two or more edges have differ-
ing dF or dip values (e.g. node 1 and node 3, as illustrated in Figure 3.4), one
value has to be selected. In this implementation, there are two methods by
which an edge may be selected: either the edge with the highest probability
Prel or the edge with the lowest value for dF or dip. All other edges with
coherent information can then be consolidated.

P̃ type
rel =

Prel(κrel = type)∑
κrel

Prel(κrel)
, type ∈ {lat, lon, int} (3.13)

P̃ lon
rel + P̃ lat

rel + P̃ int
rel = 1 (3.14)

This gives three probability values for each edge (P̃ lon
rel , P̃

lat
rel , P̃

int
rel ), which are

normalized, describing how likely it is that the two traffic participants have a
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certain relationship to each other. This would result in the following entries
in C for the edges of the graph:

Ck = [P̃ lon
rel , P̃

lat
rel , P̃

int
rel , dF , dip, a, d

i
n,Φ

ia, b, djn,Φ
jb] (3.15)

If the annotation of the road map contains traffic rules, it is also possible to
encode, if a traffic participant (or projection identity) has to give way to the
other traffic participant. This, however, is not utilized in this thesis, as the
INTERACTION dataset employed does not provide any of this information.

3.4.4 Execution Time

In many cases, a short execution time for the algorithm is crucial. The
following section discusses the results of performance tests for the proposed
framework. In Figure 3.6 the impact of both a growing traffic scene in context
of more entities and a larger road geometry is shown. The blue plot is created
artificially. Here, entities are randomly created on a static street geometry,
which have several projection identities and as many relationships with each
other as possible. The current implementation consists of 3 steps: Matching
the objects to the road, where the number of road segments ∥Vroad∥ and
the number of traffic participants ∥I∥ have an impact on the computation
time (O(∥Vroad∥ × ∥I∥)). The second step is to find all future paths using
Dijkstra’s algorithm, which depends on the size of the map (O(∥Vroad∥2)).
The final and most computationally intensive step is the comparison of the
resulting projection identities ∥m∥ of a traffic participant with all other traffic
participants and their corresponding projection identities (O(∥m∥2×∥I∥2)).
Although finding paths within the road network has a high time complexity
in theory, in practice the road graphs are not very interconnected, which
makes the calculation very efficient. This timing factor can be neglected in
contrast to the number of entities in the application. Most intersections of the
evaluated scenarios of the INTERACTION dataset consist of between 14 and
100 elementary road segments. For larger maps, however, it is suggested to
divide them into sub-maps.

The number of the entities in a single scene on the other hand limits the
applicability of the framework in the context of real time usability. The
current implementation indicates that the number of traffic participants and
the corresponding number of projection identities have a significant impact
on the computation time. If one assumes a repetition rate of the incoming
object lists of 10 Hz (frame rate of the evaluation dataset), the calculation
time should be less than 100 ms. This means on average there should not
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Figure 3.6: Impact of the count of entities in a traffic scene with a fixed road
geometry on the calculation time (blue, red). Impact of a larger
road graph with a fixed number of entities (black). (Adapted from
[8])

be more than 20* entities in the scene to retain a lag-free processing (see
Figure 3.6). This, however, is tested for the worst case, where the scene
graph is quite dense, and each entity has several projection identities. The
evaluation dataset contains scenes with up to 43 traffic participants. In
general, the average calculation time is significantly lower than the worst
case time (compare blue and red plot in Figure 3.6). The highest value with
125 ms is for scenes with 43 traffic participants. Assuming that the dataset
represents reality well, the limit of 100 ms set above would be fulfilled on
average for all scenes with less than 40 traffic participants.

3.4.5 Completeness and Scalability

In this section, it will be discussed when the SSG can be applied and when
the model is incomplete.

*The framework was run on a single core of an Intel® Core™ i7-8750H and was not
optimized in terms of parallelization and memory requests, which could lead to a significant
improvement
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3.4 Implementation

The SSG is applied to the entire INTERACTION dataset. A key feature of this
dataset is that different intersection types and thus different road geometries
are included.

Intersection Roundabout Merging

Nodes 9.8 6.9 14.5
Edges 69.6 46.5 111.3

Table 3.3: Graph statistics of different intersection types

Table 3.3 shows the average nodes and edges per scene of the SSG for each
intersection type in the dataset. Here, differences between the intersection
types can be seen. Roundabouts have on average a smaller number of edges
and nodes in the graph. In intersections, parallel lanes exist more often
and thus traffic participants can have more relationships with near vehicles.
Most of the merging scenes of the dataset included scenes from a multi-lane
roadway. Thus, many lateral relations are included and SSGs contain on
average more edges per node.

In principle, the average number of nodes can only indicate the size of the
traffic scene, but it cannot make a concrete difference about how crowded or
wide an intersection area is.

In addition, the completeness of the scenes is evaluated. The number of
traffic participants in the original scene is compared with the number of
nodes in the corresponding SSG. In the examined dataset, 79.9 % of the
scenes are depicted in their entirety. This means that every traffic participant
present in the scene SR2 can be mapped in theGscene. However, the individual
exceptions indicate the weaknesses of the scene graph model: In Figure 3.7
an invalid traffic scene is depicted. Here, the marked vehicle is not translated
to the SSG. The reason for this is that this vehicle is too far away from the
actual road and therefore cannot be assigned to any lane (see Equation (3.5)).
In general, the matching distance could be increased, but this would result in
too many irrelevant lanes being taken into account for other vehicles, which
would increase the calculation time and also make the graph too confusing.
Such scenes can be caused by tracking errors, missing annotation of the road
(probable cause of the scene in Figure 3.7) but also by behavior of traffic
participants that do not comply with traffic rules. An example for this can
be an obstacle on the roadway that can only be avoided by changing to the
sidewalk or the oncoming lane.

As a consequence, the model can only describe traffic scenes that correspond
to the traffic rules. The corner cases described above cannot be described
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Figure 3.7: Invalid traffic scene: marked vehicle is outside of lane boundaries.

correctly in the SSG. A temporal consideration of several successive scenes,
however, could improve the completeness.

3.4.6 Situation-specific Analysis

In this section, the generated Semantic Scene Graph are discussed in depth
using two exemplary scenes.

Figure 3.8 displays two traffic scenes in both a scene graph representation
and a birds-eye view (traffic scene in the Cartesian space). To enhance the
clear visualization, the two corresponding antiparallel edges between two
entities are represented in this figure as a bidirectional edge. Additionally,
the cutoff distance is set to 30 m. The first traffic scene (Figure 3.8a) shows
several vehicles entering a roundabout. On the right-hand side, five vehi-
cles are following each other, with the first vehicle having just entered the
roundabout. The graph highlights the vehicle group {13, 14, 15, 17, 18} with
a darker blue color. This group can be separated in the graph by checking
only for successive longitudinal relations. The vehicle with the ID 10 should
technically be added to this group. However, since this vehicle has no other
intersecting relation with group {3, 16}, it can be considered an extra group.
This allows relevant traffic participants to be clustered only by the way they
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relate to each other, for example to distinguish between different traffic sit-
uations [72]. Figure 3.8b shows a second traffic scene at a different place
with different road geometry. Although the scenes appear different at first
impression, both in terms of the geometry of the road and the position of
the traffic participants. However, a closer examination of the graphs reveals
similarities. Both graphs depict three distinct groups of traffic participants:
those entering the intersection area (darker blue), those crossing the area
(yellow), and those who have already left the area (light blue). This example
demonstrates how the SSG’s generic description can be used to compare two
different traffic scenes. It can be shown that the topology of the traffic scene is
transferred in a certain form into the graph structure. It is important to note
that the traffic scene is described solely by the interaction between different
traffic participants and their current motion state. Therefore, this scene de-
scription cannot be used to explicitly describe special road conditions, such
as geometry, or blind spots. An in-depth and quantitative discussion of the
sub-grouping of situations within a traffic scene on the basis of the SSG is
not considered further in this work. However, the result of the qualitative
analysis considered in this section serves as the basis for the scene-based
clustering method in Chapter 5.

3.5 Summary

This chapter presents the SSG, addressing the question raised in Research
goal 2. The graph model presented here depicts relationships between traffic
participants through the use of three distinct edge types. An edge relation-
ship is defined as either longitudinal, lateral, or intersecting. Furthermore,
distances between the respective vehicles and other parameters are stored
within the edges to minimize the loss of information. This approach pre-
serves relevant relationships between traffic participants that are defined
by the road topology, while the road geometry is largely excluded from the
description model. The result is a description model that condenses a traffic
scene into relationships between the individual traffic participants, which
in turn enables the description of their respective constellations. This sug-
gests for a direct comparison of traffic scenes and traffic situations regardless
of the recording location, as well as the exact position of individual traffic
participants.
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Figure 3.8: Two exemplary traffic scenes at different road geometries in the
Cartesian space (bottom) and the corresponding SSG (top). Nodes
are highlighted to improve the visualization of groups. (Adapted
from [8])
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4 Criticality Assessment

As previously discussed in the introduction, scenarios representing partic-
ularly challenging and critical traffic situations are of particular interest for
scenario-based testing. However, in order to identify relevant scenarios and
scenes, an evaluation method is required to sort them according to relevance.
The evaluation of a scene or scenario can vary depending on the subse-
quent use case. In this work, mainly scenes and scenarios in which traffic
participants are harmed or nearly harmed are considered critical (see Sec-
tion 2.1.1). Consequently, taking into account the ODD, these are collisions
and near-collisions between traffic participants.

Quantitative descriptions are obtained by the use of criticality metrics [59,
132, 43]. These metrics aim to determine whether a given scene or scenario
includes hazardous elements. The advantage lies in the ability to use a key
metric for a direct assessment of scenario criticality, enabling automated
annotation on a large scale. Furthermore, most metrics are agnostic to the
SuT and can evaluate it objectively. Nevertheless, a challenge arises as many
criticality metrics tend to only focus on specific characteristics. Additionally,
not all metrics are universally applicable to every scene, often requiring
specific conditions. Moreover, assessments sometimes concentrate solely on
complete scenes or isolate individual elements within a scene.

One of the main aims of this evaluation methodology is to reduce the re-
strictions on the applicability of scenario types that can be observed in many
conventional measurement methods [59]. Within this section, an assessment
methodology is introduced for the comparative analysis of traffic scenes
using diverse metrics derived from motion datasets (see Section 3.1). The
evaluation encompasses an exploration of how various established metrics
are impacted by different types of traffic scenes, proposing enhancements.
By combining and expanding universal metrics into a comprehensive scene
profile, the objective is to facilitate real-world applicability and address asso-
ciated challenges. Simultaneously, this evaluation of traffic scenes establishes
a baseline against which different methodologies, as demonstrated in this
thesis, can be compared or contextualized (refer to Section 7.4).
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Parts of this chapter have been published previously in the following peer-
reviewed publications [6], and some of the content has been adopted verba-
tim.

4.1 Related Work

Criticality metrics have long been used in the context of traffic, and various
types have been developed for different applications, particularly for testing
highly automated vehicles. Schütt et al. [133] propose a taxonomy that cate-
gorizes metrics into different domains, such as model quality, system under
test quality, or scenario quality. Metrics in these domains can be divided
into different levels of resolution. The highest resolution is called nanoscopic
and evaluates the quality of individual entities for a single time step. The
second level is called the microscopic level and evaluates the quality of time
histories of a single entity. At the macroscopic level, which has the lowest
resolution, the quality of sets of scenarios or coupled systems is described.
One criticism of this taxonomy is that it focuses exclusively on an ego-vehicle.
It does not take into account how many traffic participants are included in
the metric. Since in the course of this work a scene and potentially several
traffic participants are to be evaluated in a composite manner, a quantita-
tive categorization is used in addition to the temporal categorization. For
this purpose, the terms individual metric, binary metric, and poly-metric are
introduced. The individual metric refers to parameters that affect a single
traffic participant, such as speed. Binary metrics describe the relationship
between two traffic participants. Poly-metrics include several or all traffic
participants within an area or the entire scene. Most metrics adopt a binary
nature, measuring only between two traffic participants. They convey the
severity of a situation between these two entities. However, crucial situations
may go unnoticed if certain actors within a scene are omitted. Binary critical-
ity metrics are cost-effective because they are easily computed and require
only partial information about a given scene.

Another way to categorize metrics is by their use of spatial attributes, tem-
poral attributes, or other indicators. Mahmud et al. [134] categorize metrics
based on temporal-based proximity indicators, distance-based proximity
indicators, deceleration-based indicators, and other indicators. Criticality
metrics are commonly based on temporal or spatial proximity, assuming
that the closer two traffic participants are, the more likely they are to collide.
These metrics typically indicate a conflict if the resulting value is below a
specified threshold.
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In general, there are a multitude of metrics (compare the work of Westhofen
et al. [59]) that are not described in this chapter. The focus here is on the
most common metrics that can be used to make a certain statement about a
dangerous situation, and the metrics that can be calculated on the basis of
the information in the dataset used (refer to Section 3.1).

4.1.1 Spatial Metrics

The Euclidean Distance (Dist) is widely used in various applications because
it represents the straight-line geometric distance between two points in space.
While this simplicity can aid interpretation, it has limitations, as it does
not account for the direction or orientation of vehicles. In traffic scenarios,
where changes in direction and orientation angles are crucial, the Dist may
not provide accurate assessments. This is particularly true when individual
vehicles deviate significantly from the average traffic situation. Moreover,
criticality in traffic situations may not always have a linear relationship with
distance. There are cases where a small distance is considered critical, while
a large distance may not be. Therefore, relying solely on Euclidean Distance
may not capture the complexity of assessing criticality in traffic scenarios.

For the Trajectory Distance (TD), the paths of the traffic participants are
treated as curves in 2D space. This metric measures the distance along inter-
secting trajectories between two traffic participants, providing a deeper in-
sight into intersection and merge scenarios. It should be noted that this metric
can only be evaluated in a retrospective manner (see also Post-encroachment-
time), since the actual trajectories that the vehicles will follow are not known
in advance with certainty. Besides, it has the same drawbacks as the Dist.

4.1.2 Temporal Metrics

Time To Collision (TTC) is a widely used metric in traffic safety analysis, that
offers a comprehensive perspective on collision risks within a traffic scene
[135, 136]. It is defined by Equation (4.1), where dF is the distance along the
lane between a leading and the following vehicle, where νl and νf are the
respective velocities.

TTC =
dF

νf − νl
(4.1)

TTC’s predictive value stands out as it furnishes a measure of time it would
take for two vehicles to collide, assuming their present speed and trajec-
tory persist. This predictive nature makes TTC a valuable tool for assessing
potential collision risks in varying scenarios. TTC is based on quantitative
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attributes such as current speed and distance between vehicles, rendering
this metric generally applicable. This objectivity enhances its utility by facil-
itating straightforward analysis and comparison across different scenarios.
The popularity of TTC is due to its accessibility to both experts and non-
experts, which facilitates effective communication and public awareness of
collision risks. It provides a direct indication of the time until a potential
accident may occur if no action is taken to change behavior. Furthermore,
the TTC algorithm enables real-time assessment by utilizing information
from vehicle sensors to dynamically calculate collision risks as the traffic
scene unfolds. This real-time capability enhances its relevance in dynamic
and evolving situations. However, it is crucial to acknowledge the limita-
tions of TTC. The algorithm operates under the assumption that vehicles
will maintain a constant speed and trajectory, which may not align with the
unpredictability of real-world scenarios. TTC predictions can be significantly
impacted by sudden changes in speed or direction. Furthermore, TTC is
a one-dimensional metric that is limited to car-following situations on the
same track, as it does not take into account lateral spatial information. The
limitation of Equation (4.1) is that once νf and νl are equal, the TTC becomes
undefined. To address this problem, the inverse Time To Collision (TTC*)
was introduced (see Equation (4.2)). A higher value indicates a more critical
situation.

TTC∗ =
νf − νl

dF
(4.2)

The TTC metric serves as a foundational framework for various criticality
metrics, such as the Potential Time To Collision (PTTC) [137] and the Worst
Time To Collision (WTTC) [138]. TTC assumes that all current conditions
will persist, while PTTC takes into account potential changes in the leading
vehicle’s trajectory, providing a more dynamic assessment of collision risk.
Specifically, it assumes that the vehicle in front brakes with constant accelera-
tion al, while the following vehicle continues to travel at a constant velocity
as shown in Equation (4.3).

PTTC =
−(νf − νl)±

√
(νf − νl) + 2aldF
al

(4.3)

WTTC’s primary objective is to minimize the occurrence of false negatives in
identifying critical traffic scenarios by estimating the criticality of the most
severe conceivable situation based on the initial scene. This metric quantifies
the time required for vehicles in a given traffic scenario to reach their closest
point of approach. The calculation takes into account two main factors: the

50



4.1 Related Work

distance to the closest point of approach between two vehicles and their
relative velocity. The distance to the closest point of approach is determined
as the minimum separation between the paths of the vehicles, while relative
velocity accounts for both the speed and direction of the vehicles in relation
to each other. The WTTC shares many of the strengths and limitations of the
TTC, although the interpretability of the WTTC may not be as straightforward.
Notably, the WTTC holds an advantage in its applicability to various traffic
scenarios, encompassing crossing situations and approaching vehicles. For
the calculation of the WTTC, please refer to the corresponding paper [138].

The metrics mentioned above are commonly used for traffic scenarios on
motorways or rural roads. However, metrics like Post-encroachment-time,
Encroachment-Time or Gap Time are only suitable for intersection scenarios
(primarily found at junctions or roundabouts).

Post-encroachment-time (PET) [139] is a criticality metric that calculates
the duration between two actors passing through a given point or area of
intersection. This metric offers valuable insight into the temporal dynamics
of vehicle interactions. It provides a comprehensive understanding of the
time that has elapsed after a vehicle has crossed a mutual intersection point,
which will be passed by another vehicle. By assessing the post-intersection
time, one can gain a deeper perspective on the potential consequences and
accidents of vehicle movements in close proximity. It is important to note
that PET can only be applied retrospectively to a scenario and cannot be
applied to the online evaluation of a system. Allen et al. [139] adapt the idea
of the PET and use a constant velocity model to calculate the estimated time
between two vehicles crossing the conflict zone, which he calls Gap Time
(GT). GT is an approximation of the PET but can be determined online before
the actual crossing of the conflict zone.

Encroachment-Time (ET), on the other hand, focuses on the duration that the
first actors remains within the boundaries of the intersection. This metric
measures the duration of a vehicle’s presence in a potential conflict zone
with another traffic participant. It is important to note that this value does
not necessarily correlate with the criticality of the situation, as it does not
take into account any dynamic parameters of the traffic participants involved
[139].

4.1.3 Others Metrics

Hallerbach et al. [140] introduce a methodology for assessing the criticality
of traffic on a specific highway section. Unlike conventional approaches
that focus only on the ego-vehicle and one other traffic participant, this
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method extends its scope to include different domains of interest. These
domains include larger road sections, traffic around the ego-vehicle, and
the ego-vehicle itself. The traffic quality assessment involves a four-part
calculation, each with uniquely weighted coefficients that contribute to an
overall criticality score. The first component, referred to as the macroscopic
metric, quantifies traffic density by considering traffic flow rate and average
travel speed. The second component, the microscopic metric, takes into
account the speed deviation and average speed within the highway section
around the ego-vehicle. The third aspect of traffic quality assessment, the
nanoscopic metric, focuses on close-range interactions within a smaller radius
around the ego-vehicle. This metric calculates criticality based on speed
deviation and average values within this defined radius. The fourth and
final component, the individual metric, focuses on the mean velocity and
standard deviation of acceleration of the ego-vehicle. The Inverse Universal
Traffic Quality (TQ), which is applied in the latter course of the work, is an
enhancement of the traffic quality [140] proposed in the work of Schütt et
al. [10]. The improved TQ omits learned coefficients between the individual
stages and can therefore be used universally. Furthermore, the direction of
travel of all vehicles in a scene is no longer limited to just one direction [10].
Note that in contrast to the highway traffic quality, the higher the value of
TQ is, the more critical the scene becomes.

The Safety Force Field (SFF) model, as introduced by Nister et al. [68, 141],
is designed to enhance safety by preventing collisions. It achieves this by
ensuring that the ego-vehicle does not contribute to an unsafe environment,
recognizing that a guarantee of a secure journey cannot be provided when
other actors share the road. Inspired by the RSS model proposed by Shalev-
Shwartz et al. [34], the SFF serves as a framework for assessing the driving
situation in which a highly automated vehicle is currently operating. The
goal is to enable the vehicle to make safe decisions based on this model.
The SFF takes into account the states of all traffic participants and predicts
their behavior in the near future to provide a comprehensive assessment
of the situation. To accomplish this, the model computes the claimed set,
which represents the space that a vehicle is expected to occupy over time,
resulting in the Safety potential (SP). By analyzing the geometric overlaps of
the occupied sets of various traffic participants, an optimal safety procedure
can be computed. This approach facilitates a thorough consideration of the
dynamics of the traffic environment, allowing for effective decision-making
and contributing to overall road safety.

The advantage of these two metrics is that they can be applied regardless
of the scene type (e.g. intersection or freeway scenarios) and return a valid
value. Nevertheless, the geometric calculation of the SP is particularly com-
putationally intensive in comparison to the Dist or TTC.
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4.2 Experiments and Evaluation

The metrics (ET, PET, WTTC, Dist, PTTC, TTC, GT, TD, TQ, SP) of the
previous Section 4.1 are implemented and calculated independently of each
other. Due to the time-consuming computation of some metrics and the fact
that some metrics require knowledge of the scenario after the fact (see PET,
ET, TD), the computation of all metrics in their full depth can only be done
offline, i.e., in the case of microscopic metrics, after the entire scenario has
been recorded. However, the application of the framework is the general
evaluation of the dataset on the one hand and the final evaluation of the
scenarios on the other hand. The metrics implementation is publicly available
on GitHub*.

Depending on the metric type, several values may be calculated for a scene.
Whereas binary metrics calculate one value for each different entity pair
(ET, PET, WTTC, Dist, PTTC, TTC, GT, TD), poly-metrics only calculate one
value per traffic participant (SP) or per scene (TQ). A permutation-invariant
function is required to summarize a varying number of values (e.g., max,
mean or min operator). Since the primary objective is criticality, the most
critical value of all traffic participants in a scene is evaluated. For instance,
the Dist is evaluated using the min operator, while the TQ is evaluated using
the max operator.

Most distance- and time-based metrics tend to approach zero in critical
scenarios. For instance, a PTTC = 0.0 s signifies a collision occurrence.
Additionally, the majority of metrics exhibit diminishing significance as
their values increase. For example, if the PTTC exceeds 15 s, 30 s, or even
50 s, it does not provide additional insights into the criticality or near-crash
situations involving two actors in a scene. All three time values categorize a
scene as non-critical, as substantial events can still unfold within these time
intervals. To facilitate a visual comparison (see Figure 4.2), the following
function to invert and scale the metrics is employed. This is necessary in cases
where the metrics do not inherently yield values between 0 (non-critical) and
1 (critical):

f(x) = eα
′(−x) (4.4)

Here, x represents the measured metric value, and α′ serves as a coefficient
reflecting sensitivity. Coefficients, such as α′ = 2.0 for reduced sensitivity or
α′ = 0.5 for increased sensitivity, can be employed depending on the desired
metric characteristics. In the following examples, the value of α′ = 1.0 was
chosen in order to achieve a balanced sensitivity.

*https://github.com/fzi-forschungszentrum-informatik/scene-fingerprint
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Figure 4.1: Scenes from different Scenarios: roundabout (blue traffic partici-
pants, (a)), merging (orange traffic participants, (b)), intersection
(green traffic participants, (c)) [6]

In order to provide a comprehensive assessment, three distinct scene types
are employed as an illustrative example. These encompass a roundabout
scenario, a merging scenario on a highway, and an urban intersection. The
first scene (Figure 4.1a) takes place at a roundabout in Germany. Apart from
the three vehicles entering the roundabout, most of the cars are stationary,
waiting for a chance to enter or slow down to avoid a collision. The merging
scene (Figure 4.1b) takes place on a Chinese highway with high traffic density
and limited space around some actors, making it a challenging situation. In
the third example (Figure 4.1c), a US intersection traffic scene is depicted,
which Zhan et al. [85] classify as a high-risk situation. Three cars traveling in
opposite directions are crossed by a car passing between them. Most of the
other vehicles depicted in the traffic scene are not critical, as most of them
are stationary and waiting to enter or approach the intersection.

The qualitative evaluation of the three different example scenes of the pre-
sented illustration using Kiviat diagrams offers a variety of analytical options.
The combination of various measures of criticality in a single visual represen-
tation is here referred to as the scene’s fingerprint. [6].

Figure 4.2a displays a diagram of the proposed metrics for all three exemplary
scenes at three different road geometries. From a qualitative point of view,
the larger the area spanned between the individual metrics, the more critical
the scene. In the merging scenario, data points are missing for all metrics
developed for intersection scenarios. Therefore, it can be assumed that there
is no situation with overlapping trajectories between any two vehicles in this
scene. The depiction of this exemplary traffic scene (Figure 4.1b) shows that
no vehicles have the ability to intersect the trajectory of other vehicles and
confirms the statement indicated by the metrics. Furthermore, it becomes
clear why the following vehicle metrics, apart from the universal metrics,
are particularly significant. Due to the closely following vehicles, which
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Figure 4.2: Comparison of criticality metrics (TQ, TD, GT, ET, PET, SP, WTTC,
Dist, TTC) of the scenes in Figure 4.1 (a). Comparison of a critical
(green) and an uncritical (violet) scene (b). (Adapted from [6])

drive behind one another in vehicle convoys, the safety distance tends to be
particularly small.

In the roundabout scene (blue) from Figure 4.1a only values for PET and
ET are able to be calculated. This indicates that the trajectories of different
traffic participants intersect in this scenario. Again, it should be noted that
the two metrics are temporal microscopic metrics, which means that they
are not calculated based on a scene, but on the entire course of the scenario.
Accordingly, it is not necessarily visible in the image of the scene under the
vehicle constellation shown, and either happened chronologically before the
scene shown, or will happen in the near future. Overall, the intersecting
metrics show relatively small areas, suggesting that the scene is not critical.
The last scene is a typical multi-lane intersection (green) and is shown in
Figure 4.1c. It is rated as more critical than the roundabout scene, based on
the examined metrics.

Figure 4.2b shows in green the metrics for the scene (scenario) in Figure 4.1c.
In addition, metrics of another scenario (violet) that takes place on the same
map at a different time are shown. In the second scenario (not shown), five
vehicles drive relatively far apart on the intersection. This scenario shows
a low criticality for all metrics, except for the ET value, which is well below
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the threshold value. The brown line indicates a criticality threshold of the
individual metrics. The following thresholds are used: Dist 5 m, GT 0.5 s
[142], TQ 1.2 (derived from evaluations in [10]), PTTC 1.5 s, ET 1.5 s, PET
1.5 s [139], TTC 1.5 s [136], WTTC 0.7 s. All of the aforementioned threshold
values have been scaled in a uniform manner, according to Equation (4.4).

Not all scenes have data values greater than zero for each axis. There may
be two reasons for this: either the metric is not critical in that scene, or that
specific metric does not support the type of scene being analyzed. In general,
most metrics have been designed for specific purposes and scenario types.
This is visualized as an example in Figure 4.2a using the metric types (In-
tersection, Universal, Following). However, several scene metrics can not
be calculated during the dataset evaluation. Table 4.1 presents a compari-
son of various metrics and their respective positions within the complete
dataset. The table illustrates the frequency of successful metric calculations.
Specifically, the analysis focuses on determining the success of calculating
the criticality of scenarios or scenes present in the dataset. Success in this
context implies that for nanoscopic, binary metrics, the relevant metric can be
computed for at least one vehicle in the scene. For temporal microscopic met-
rics (ET, PET, GT) within the defined scenario, the metric can be computed
for at least one pair of the vehicles.

The metrics labeled as universally applicable in Figure 4.2a demonstrate
considerable versatility, as they can be calculated across nearly all of the
scenarios examined. The TQ metric even satisfies the calculation conditions
in every scenario without exception. In the case of Dist and WTTC, those
scenes in which only a single traffic participant is visible, and therefore
no distance can be calculated cannot be applied. Even the TTC, which is
designed exclusively for following vehicles, can be calculated in the majority
of intersection and roundabout scenarios. This is mainly due to the fact that
many scenarios have a large number of traffic participants and at least two of
them make a following trip. It is particularly interesting that the intersection
metrics (PET, ET, GT, TD) can be calculated extremely rarely. This may
be due to the way the metrics are calculated. There is the condition that
trajectories or paths must intersect at one point and not overlap further. This
neglects all merging scenarios and, for example, roundabout scenarios where
vehicles drive behind each other for a given time on the roundabout.

Due to the limited applicability of the intersection metrics, they are not be
considered further in the following part of this thesis. In addition, although
ET and TD provide additional information for special traffic scenarios, the
informative value of both is very limited in the context of criticality assess-
ment of traffic scenarios. Furthermore, SP, although it provides a universal
insight into various traffic scenarios, requires a large computational effort to
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determine compared to the other metrics. Although the application in this
work is offline and therefore not necessarily time constrained, the current
implementation of the computation of SP cannot be used for a large-scale
application.

Location Dist GT TD PET ET PTTC TTC TQ SP WTTC

Merging MT 0.95 0.31 0.47 0.47 0.48 0.88 0.59 1.0 1.0 0.94
Roundabout LN 0.93 0.06 0.09 0.09 0.02 0.55 0.39 1.0 1.0 0.92
Roundabout SR 1.0 0.22 0.33 0.33 0.23 1.0 0.99 1.0 1.0 1.0
Roundabout EP 1.0 0.08 0.12 0.12 0.24 0.99 0.96 1.0 1.0 1.0
Intersection EP0 0.99 0.07 0.08 0.08 0.23 0.94 0.85 1.0 1.0 0.99
Intersection EP1 1.0 0.11 0.16 0.16 0.35 0.99 0.98 1.0 1.0 1.0
Intersection GL 1.0 0.27 0.35 0.35 0.36 0.99 0.93 1.0 1.0 1.0
Intersection MA 1.0 0.24 0.28 0.28 0.28 0.99 0.88 1.0 1.0 1.0
Intersection EP1 1.0 0.47 0.61 0.61 0.35 0.99 0.89 1.0 1.0 1.0
Total 0.99 0.2 0.28 0.28 0.28 0.92 0.83 1.0 1.0 0.98

Table 4.1: Applicability of the different metrics in relation to the different
road types of the analyzed dataset.

4.3 Summary

This chapter presents several criticality metrics. They have been categorized
into different classes depending on which aspects of a traffic scenario or
traffic scene can be described by them. Subsequently, six criticality metrics
are identified that can be used to classify scenes based on their criticality,
taking into account different aspects. This so-called fingerprint of a traffic
scene is the first component to answer Research goal 4. The fingerprint
provides the basis for a generalizable evaluation key that can be applied
to all traffic scenes. The aim of using these metrics for the evaluation of
an initial scene is further pursued in Chapter 7. The criticality metrics are
employed to establish a measure that offers an indication of the relevance of
those scenes.
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As already stated in Section 2.1.4, an efficient data-driven scenario testing
requires evaluating and assessing test scenarios in advance to determine
if they potentially trigger errors in the SuT. To achieve this, it is necessary
to identify relevant scenarios or relevant scenes from a huge amount of
data. To do so, the data must be clustered into groups. This process enables
the identification of similar scenes that can address specific aspects of a
HAV. For example, it may be used to focus testing on a particular situation.
Alternatively, it can be used to define representative scenes for a cluster,
speeding up testing. The prevalent approach is to manually label scenarios,
which can then be grouped together. To avoid time-consuming manual
labeling, especially with large amounts of data, the clustering should be done
automatically.

In order to be able to cluster traffic scenes, the first step is to find a way
to make different scenes comparable with each other by making relevant
properties available through an appropriate description model [71]. For
this purpose, the Semantic Scene Graph (SSG) comes into play as a robust
interface to provide relevant scene information in a generalizable form for
clustering (refer to Section 3.4.6).

In this chapter, a GNN-based contrastive learning approach is presented to
automatically cluster traffic scenes described with the help of the SSG.

Parts of this chapter have been published previously in the following peer-
reviewed publications [9, 4], and some of the content has been adopted
verbatim.

5.1 Related Work

5.1.1 Clustering of Traffic Scenes and Scenarios

In recent years, numerous publications have emerged, addressing the clus-
tering or categorization of traffic scenes. In this section, recent works are
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divided into two different categories: Feature-Based Approaches, where vari-
ous attributes and time series of features are compared, and Maneuver-Based
Approaches, which extend the analysis to utilize vehicle trajectories and
movement patterns as key inputs for characterizing traffic scenarios.

Trajectory-Based Approaches

Bernhard et al. [143] employ the bag-of-words method to convert trajectories
into histograms within spatially divided clusters. Scenario affinity is deter-
mined by the similarity of corresponding histograms. Another approach by
Ries et al. [57] utilizes Dynamic Time Warping (DTW) to compare trajectories
of traffic participants. Scenarios are considered as similar and can be grouped
together when they involve the same types of traffic participants and have
comparable trajectories. In addition to the DTW, the Hausdorff distance can
be used to directly compare trajectories, which then enables clustering of
trajectory data [144]. Harmening et al. [56] present two autoencoder-based
models that reconstruct traffic scenes based on a grid map and traffic sce-
narios, utilizing temporally related position and speed features. In both
cases, the embedding space is leveraged for clustering. Wurst et al. [145]
propose a machine learning-based method for grouping similar scenarios
and concurrently performing novelty detection. Road geometry, represented
by a bird’s-eye image, and road topology, constructed as a graph, are utilized
to extract samples for a contrastive learning approach. In the study by King
et al. [146], the road topology is also included in the analysis of the trajectory
data. Furthermore, the trajectories of other traffic participants are compared
with the trajectory of the ego-vehicle. By analyzing the maneuvers recorded
in a dataset, trajectories can be classified into different logical scenarios and
assigned to groups.

The survey conducted by Bian et al. [147] provides a more in-depth discus-
sion of approaches and mathematical methods for comparing and grouping
trajectories than the aforementioned representatives. The focus of the survey
paper is not solely on the clustering of traffic scenarios; it discusses much
more fundamental procedures.

Feature-Based Approaches

Kruber et al. [148] utilize features of a highway scenario concerning an
ego-vehicle, such as distances to other traffic participants and velocities,
employing a random forest approach to group similar traffic scenarios. In the
work of Kerber et al. [55], traffic scenes are longitudinally compared using an
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eight-car neighborhood model, assessing the similarity of highway scenarios.
Pairwise scenario comparisons are conducted based on the distances of
other traffic participants within the eight surrounding areas around the ego-
vehicle. Meaningful comparisons are restricted to scenarios with identical
locations and the same number of traffic participants. The resulting clusters
encapsulate similar maneuvers executed by both the ego and surrounding
vehicles. Hauer et al. [54] adopt a similar concept, employing DTW to
compare time series of multiple features. To reduce dimensionality, Principal
Component Analysis (PCA) is applied for data projection into a clustering
space.

5.1.2 Graph Clustering

A variety of architectural approaches can be employed to encode graphs
for clustering purposes. One such option is the utilization of Graph (Varia-
tional) Autoencoders. (Variational) Autoencoders in the image domain have
demonstrated an ability to encode semantic information into latent spaces
[149]. However, applying them to graphs remains notably challenging, par-
ticularly for graphs featuring rich edge attributes and/or multigraphs [150].
A significant challenge lies in the graph generation or decoder component.
Simonovsky et al. [150] have implemented an approximate graph matching
and have applied it to Autoencoders. However, their approach is restricted to
small graphs, with up to 38 nodes and singular connectivity between nodes.
Other methods [151] expect the network to implicitly learn the correct match-
ing. This approach remains viable but involves an enormous computational
effort, considering the findings of Xu et al. [152].

Another approach involves constructing a data-driven encoder capable of
discerning and quantifying differences between graphs. This encoder can
also identify graph classes by recognizing clusters in the encoding space.
This work implements and analyzes such an encoder, employing contrastive
learning to facilitate the comparison of traffic scenes.

Zhu et al. [153] offer a comprehensive overview of diverse contrastive learn-
ing approaches on graphs, detailing design considerations such as data
augmentation, contrasting modes, contrastive objectives, and negative min-
ing strategies. Limited literature exists on the topic of contrastive learning for
embedding entire graphs [154, 155, 156]. For instance, InfoGraph [156] dis-
criminates representations of entire graphs from single nodes of other graphs
without graph augmentation. Their objective is to capture shared aspects
within substructures, maximizing mutual information between entire graphs
and nodes. Another approach utilizing data augmentation is presented by
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Hassani et al. [155]. They augment graphs using diffusion views but refrain
from augmenting initial node features. Similar subsets of nodes from both
graphs are sampled, akin to cropping in the visual domain. Additionally, two
independent GNNs are employed, sharing MLPs for generating node and
graph encodings. You et al. [154] investigate the impact of various augmenta-
tions, directly applied at the graph level, on contrastive graph learning. The
studied augmentations include node dropping, edge perturbations, attribute
masking, and subgraphs.

5.2 Methodology for Clustering Traffic Scene
Graphs

The majority of related work on clustering and comparing traffic scenarios
employs a similarity metric for time series. However, in this work, temporal
information is not to be compared; rather, the similarity of scenes is to be
described. Consequently, an alternative approach must be developed. The
approach utilized by King et al. [146], for the description of maneuvers, is
comparable to the heuristic on which the SSG is based. Nevertheless, their
work continues to compare trajectories.

A graph contrastive approach is pursued to determine a measure of similarity
between two traffic scenes. The basic idea of contrastive learning is that the
representations of the same similar, positive samples in the latent state space
are contracted, while negative samples are shifted away from the initial sample
(anchor). In many application areas, often no label of the data is available.
A positive sample can then be generated by automated data augmentation.
Negative samples can be generated by randomly selecting from the remaining
data. In recent years, contrastive learning, i.e. the combination of negative
and positive samples, has been shown to improve the performance of self-
supervised representation [157, 158, 159, 160]. Here, the work of Ma et
al. [122] is also worth mentioning, which uses trajectory data of traffic
participants to cluster traffic scenarios in a self-supervised manner.

In contrast to related work (see Section 5.1.2), this approach (see Figure 5.1) de-
viates from initiating the process with graphs as input. Instead, it starts with
the generation of these graphs. The central phase involves direct augmenta-
tion of traffic scene data at the object list level (SR2), resulting in augmentation
within Cartesian space. Subsequently, a graph triplet is automatically gener-
ated. The objective of this methodology is to minimize the distance between
the embeddings s0, s+ of two similar graphs, G0 and G+, in the embedding
space S. In addition, it is important that the embedding s− of a dissimilar
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graph G− is as distant from s0 as feasible. This is achieved by implementing a
contrastive learning approach to address this graph representation problem.
This approach ensures the generation of only valid scenes by incorporating
the street layout into the augmentation process.

Augmentation

Negative
Sampling

Scene
Abstraction GNN Dimensionality

Reduction

S0
R2

S−
R2

G0

G−

s0

s−

G+ s+S+
R2

Figure 5.1: Pipeline for clustering traffic scenes

5.2.1 Augmentation and Graph Generation

The initial stage in the processing pipeline involves traffic scenes from the
INTERACTION dataset (refer to Section 3.1). Within the employed methodol-
ogy, the manipulation of the traffic scene takes place directly on the object list,
in contrast to altering the graph features. This approach provides a notable
advantage in preserving the generation of realistic and cohesive traffic scenes.
In contrast, making random additions, deletions, or modifications of edges
and nodes within the graph representation can lead to traffic scenes that are
improbable or impossible in reality.

The positional and velocity attributes of individual traffic participants un-
dergo random modifications. Traffic participants i within a scene, whose
entity state is denoted by X i, are sampled uniformly with a probability of
Pentity for the purpose of modification. The perturbation in the position (x, y)
is modeled using normal distributions Nx ∼ (x, σpos) and Ny ∼ (y, σpos),
while the variation in velocity (ẋ, ẏ) is characterized by N ẋ ∼ (ẋ, σvel) and
N ẏ ∼ (ẏ, σvel).

This augmentation step is then repeated for the whole dataset to generate
more positive samples. During augmentation, care is taken to ensure that no
collisions occur due to the displacement of traffic participants. If two bound-
ing boxes of two traffic participants overlap after augmentation, the scene is
augmented again until there are no overlaps between traffic participants.

In Figure 5.2 the anchor S0
R2 (Figure 5.2a) the positive sample S+

R2 (Figure 5.2b)
and a negative sample S−

R2 (Figure 5.2c) are depicted. Figure 5.2d shows a
magnified comparison between an original traffic scene (Figure 5.2a) and an
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Figure 5.2: Scene triplet, consisting of the anchor (a), the augmented, positive
sample (b) and a random, negative sample (c). Detailed compar-
ison of the augmentation process (d). The position change of a
traffic scene S0

R2 (blue) and its augmented version S+
R2 (red) of

randomly selected traffic participants

augmented version (Figure 5.2b). Blue rectangles represent the initial poses
of traffic participants, which were not modified. Red rectangles represent
the augmented poses. For a better visual representation, the original poses
are included as black dotted rectangles. While most positions undergo small
alterations (see 4, 9, and 11), the random shift introduces the possibility of
lane changes among traffic participants. For instance, vehicle 8 has been
previously in the same lane as vehicle 12, and after the augmentation it is still
in front of it, but in an adjacent lane. The augmentation process may move
traffic participants beyond the boundaries of road geometry, as exemplified
by the augmentation of vehicle 3. Consequently, this specific vehicle is
omitted from subsequent analysis. Furthermore, any vehicles that have been
shifted excessively into the opposing lane are excluded from the resultant
scene graphs.

After the augmentation process, both the altered and the original traffic
scenes undergo conversion into respective scene graphs denoted as G+ and
G0. Both graphs differ mainly in their attributes on the edges and nodes.
However, larger shifts (see vehicle 2 and 13) can also cause the graph topology
to change or nodes to be removed. The traffic scene is converted from object
lists into a graph using the SSG model (refer to Section 3.3). These scene
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graphs function as the input format for the subsequent machine learning
processes.

In some cases, traffic scenes with few vehicles may not have edges in the
graph representation. This can occur when two vehicles are driving on
oncoming lanes that do not cross each other, or when one vehicle is driving
alone on an intersection. Such graphs without edges are not considered in
this framework, because the information propagation between nodes plays a
crucial role in this approach. However, this is not a limitation of the presented
approach, but explicitly filters trivial correlations.

In summary, the scenes are augmented specifically on the basis of a pattern
and not purely randomly. The idea behind this augmentation is to create
a positive sample based on the original scene, which should be different,
but still similar enough that there are no fundamental changes in the traffic
scene. The velocities and positions are reasonably adjusted based on the
initial scene. By incorporating the scene graph model and the road layout,
disproportionate modifications and the resulting structure of the graphs can
be limited to realistic examples.

5.2.2 Model Architecture

To clarify the notation in this chapter, a node viscene and its node attributes
ui are written as hi0. The model architecture used for encoding a traffic
scene graph into an embedding is a GNN with two layers (MP1,MP2), a
readout function R in form of a summation over all hidden node states
and a projection head (ϕ), as seen in Figure 5.3. The nodes’ neighborhood
information is captured by two successive message passing operations MPk.
In each GNN layer k ∈ {1, .., K}, the state of the i-th node hik is updated
by firstly calculating a message along all incoming edges to the node. The
message function mk, which returns a message for all neighboring nodes
j ∈ N (i) combines the features of the root node i and incoming nodes j, as
well as the edge features ejiattr (see Section 3.4.2 and Section 3.4.3). Afterward,
an aggregation function

⊕
is applied to reduce the arbitrary amount of

messages to one of fixed dimensionality. This is the characteristic of GNN,
because depending on the node, its neighborhood can vary in size, so the
amount of information considered can vary. Therefore, it is crucial to choose
a permutation invariant aggregation function. min, max, sum or mean
operators are commonly used in this domain [161]. The resulting message is
then passed through a final update function γ, alongside the original node
attributes of the node’s state hk−1

i , resulting in the final new state hki .
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The message passing approach, which is done in each of the message passing
blocks (MP1,MP2), can be described by the following formula:

hik = γk(h
i
k−1,

⊕
j∈N (i)

(mk(h
i
k−1, h

j
k−1, e

ji
attr))). (5.1)

The resulting node states of all hK are merged by a readout layer R. The
resulting latent feature vector of the graph is then mapped onto the final fea-
ture space S by an MLP ϕ (projection head) with an intermediary activation
function.

G0

G+

G−

⊕
j∈N (i)

⊕
j∈N (i)

MP1 MP2

R

s0

s+

s−

ϕ

Figure 5.3: Graph encoding model mapping graphs to the embedding space.
Each graph of the triplet (G+, G0, G−) is fed through the model
individually. (Adapted from [9]).

5.3 Experiments

Two slightly different architectures with different training data are used for
training and subsequent evaluation of the method. Experiment 1 is intended
to confirm the basic functionality of the method and is therefore performed
on a very limited dataset. It uses 2842 different traffic scenes originating
from one location (Roundabout OF) in the dataset. In the second experiment,
however, different road geometries from different locations are examined.
Table 5.1 shows the locations and the number of anchor traffic scenes used.
However, the 9306 traffic scenes are only the real samples, the augmented
traffic scenes used in the training process are added.
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Road Type Country Name Num. Scenes

Roundabout GER OF 1822
Merging GER MT 863
Intersection USA EP0 1651
Intersection USA EP1 1349
Roundabout USA EP 1769
Roundabout USA SR 1852
Total 9306

Table 5.1: The composition of the utilized dataset, which was derived from
the INTERACTION dataset.

5.3.1 Training Setup

Each triplet of a traffic scene, consisting of the anchor G0, the positive graph
sample G+ and the negative graph sample G− are mapped onto the embed-
ding space S.

Learning is conducted using the triplet loss function Ltriplet from Equa-
tion (5.2).

Ltriplet(s0, s+, s−) = max
(
d(s0, s+)− d(s0, s−) +M, 0

)
, (5.2)

with s0, s+ and s− being graph encodings (s0, s+, s− ∈ S). s0 is the encoding
of the original graph, the so-called anchor. The augmented encoding, the
positive sample, is s+ and a sampled, thus differing graph is used as the
negative example s−. Sampling negatives is a broad research area itself
[153]. Negative samples are sampled at uniform from the rest of the batch.
The function d can be any suitable distance metric, like Euclidean distance
or cosine similarity. In this application, the best results are achieved with
the Euclidean distance (Equation (5.3)). The margin M is a value that may
be freely configured; an increase in the selected value results in a greater
separation of negative samples in the embedding space S.

d(s0, s+) = |s+ − s0|D (5.3)

The MP1 layer incorporates both node and edge features, whereas MP2 ex-
clusively operates on hidden node states. In the latter case, values assigned
to the edge attributes ejiattr have been set to 0. This is because the edge infor-
mation is already contained in the first message passing operation inherent
in the node information for the second layer MP2. In Experiment 1, a single
layer is employed for both the message function m and the update function
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γ. Leaky Rectified Linear Unit (Leaky ReLU) activation functions are applied
to introduce nonlinearity, and the hidden node states are represented in a
60-dimensional space. The final output of the projection head is processed
through a tanh function. Additionally, the embedding dimensionality D is
set to 2 (S0, S1). The selection of this minimalistic design aims to evaluate
the general functionality of the architecture. Moreover, S is configured to
facilitate visual clustering without resorting to dimensionality reduction to
two or three dimensions.

Experiment 2 deviates from single linear layers by incorporating two-layer
MLP in both the m and γ of the message passing layers. The dimensionality
of the embedding space D is increased to 12 in this experiment to enable a
more diverse range of descriptions. Regularization is implemented through
dropout in the message passing layers, and the projection head is constructed
as a three-layer MLP.

As readout function R, the mean operation is used over all node features of a
graph. As an aggregation function

⊕
the sum operation is used. Negative

sampling is conducted uniformly over the batch, excluding the positive
sample. The training conditions can be seen in Table 5.2.

Parameter Value

Learning rate 0.001
Margin M 0.5
Embedding dimensionality D 2/12
batch size 400
Epochs 400
Optimizer ADAM

Table 5.2: Training hyperparameters

The aforementioned triplet loss Ltriplet in Equation (5.2) is used in conjunction
with the Adaptive Moment Estimation (ADAM) optimizer. A learning rate
of 0.001 is used, and the triplet margin M is set to 0.5. The distance function
d used in the triplet loss is the Euclidean distance. Negative sampling was
conducted uniformly over the batch, excluding the positive sample.

For generation of the augmented data σpos = 1.5m and σvel = 2.0 m
s

with
Pentity = 0.5 is used (see Section 5.2.1). The training parameters, aggregation
functions and all other hyperparameters are determined through a systematic
and empirical process, employing a grid search approach.

The dataset is first evenly split into a holdout set used for clustering and
evaluating the results (20%) and a train/test (80%) set. The train/test set is
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then again split into train (80%) and validation (20%) for parameter tuning.
The graphs used have both node and edge features. For node features, the
object classification and its velocity are used. The directional information
of vehicle velocities or orientations are excluded in this approach, as the
aim is to generalize traffic scenes without relying on their absolute position
(see Section 3.3). The emphasis is on the interdependent relationships be-
tween the different traffic participants, rather than their absolute, individual
characteristics.

5.3.2 In-Depth Analysis

One major challenge with this analysis problem is the lack of ground truth
data or labels for comparison. Therefore, both quantitative and qualitative
evaluations are conducted within the embedding space to determine its
meaningfulness and behavior with respect to parameter changes. Addition-
ally, the generated clusters within the embedding space are qualitatively
examined to observe differences in similar embeddings within the real traffic
scene.

Embedding Space

Examining the encoded traffic scenes of Experiment 1 through a scatter
plot (Figure 5.4) reveals distinct clusters. Employing statistical information
derived from the original graphs to colorize the encodings yields some
perspectives on these clusters. Representing the number of vehicles in each
scene in a similar manner exposes a gradient, as illustrated in Figure 5.4a,
indicating that scenes with a higher number of cars tend to gather in the lower
left, while those with fewer cars tend to aggregate in the upper right. This
observation underscores the pivotal role of vehicle count as a determinant
for the network’s discrimination of traffic scenes. This phenomenon is also
evident in Figure 5.7a, emphasizing that, for instance, a scenario depicting a
traffic jam necessitates the presence of multiple vehicles. Consequently, it is
evident that a discernible structure manifests on a global scale, indicating the
network’s ability to capture meaningful patterns.

The impact of modifying singular attributes in the original graph on the
encoding is visually demonstrated in this study. To enhance clarity, a set
of 25 random traffic scenes, situated in distinct clusters, is chosen. The
velocity of all traffic participants is systematically increased by 0.5m

s
in ten

increments, resulting in eleven diverse scenes for each instance. Both the
original samples and their corresponding modified versions are encoded
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Figure 5.4: Encoded traffic scenes, mapped to S, colored according to the
number of vehicles (2 ... 8) (a). Exemplary encoded traffic scenes,
mapped to S, with increased velocities (0 m/s ... 5.5 m/s). Violet
dots represent the initial scene (b). (Adapted from [9])

within S and are presented in Figure 5.4b. A noticeable trend emerges as
many samples exhibit a tendency to move towards the lower left as their
speed increases. The extent to which an altered data point is displaced serves
as an indicator of the dissimilarity between the resulting traffic scene and
the original configuration. This observation is particularly pronounced in
traffic scenarios featuring multiple participants driving closely in tandem, as
depicted in Figure 5.4b bottom left and Figure 5.7a.

Experiment 2 also analyzes the distribution of information within the em-
bedding space. Of particular interest is the continuity within the embedding
space. To effectively visualize this high-dimensional space, dimensionality
reduction techniques are employed, specifically PCA, which reduces D to
two dimensions (first two components). Subsequently, colors are assigned to
the samples based on certain handcrafted features.

An exemplary feature analysis is presented in Figure 5.5a, where the coloring
is determined by the average speed of cars (mean(v⃗)). Notably, a gradi-
ent is observed from the top-left to bottom-right, representing a transition
from high to low speed. This suggests the preservation of scene-describing
continuity within the embedding space.

Another significant feature analysis is showcased in Figure 5.5b, where the
coloring is based on the number of cars ∥Vcar∥ present in the scene. Particu-
larly on the left-hand side of the figure, six distinct line-shaped clusters are
evident. Similar to the previous example, a gradient is observable, this time
from left to right. Remarkably, these lines encode the number of cars in an
ordinal fashion, with the leftmost line predominantly comprising scenes with
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Figure 5.5: The PCA-reduced embedding space (two most significant dimen-
sions) colored according to the average velocity 0 m/s ...11 m/s
of the cars present in the scene (a) and according to the number of
vehicles 1 ...22 (b). (Adapted from [4])

one car, and each subsequent line incorporating one additional car. After the
sixth line, this pattern appears to dissipate, potentially due to an increased
number of cars in scenes leading to more intricate interactions. Distinguish-
ing between such scenes likely requires a more sophisticated approach by
the graph representation model. Further analysis of additional features (see
Table 5.4) reveals similar observations.

After an examination of the structure of the embedding space S and the distri-
bution of data points, a quantitative analysis of the general representability of
the model is presented in the subsequent discussion. The primary objective
is to ascertain the effectiveness of the trained model in embedding similar
traffic scenes within the aforementioned embedding space. To evaluate this,
experiments are conducted on a holdout set, utilizing data that has not been
encountered during the training phase. The assessment of the network’s dis-
criminative capability is determined by the proximity of positive samples s+
to the anchor s0 in relation to negative samples s−, thereby ensuring accurate
classification. This assumption is formally expressed in Equation (5.4).

d(s0, s+) < d(s0, s−) (5.4)

The accuracy of the trained model is detailed for various partial datasets in
Table 5.3. Here, d̄ denotes the average distance measured for each location.
The overall accuracy of the model on the test dataset reaches approximately
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Street Type Location Accuracy d̄(s0, s+) d̄(s0, s−)

Roundabout OF 0.989 0.385 2.921
Merging MT 1.0 0.471 3.079
Intersection EP0 0.99 0.439 2.628
Intersection EP1 0.993 0.458 3.057
Roundabout EP 0.994 0.466 2.944
Roundabout SR 1.0 0.439 3.108
Total 0.993 0.439 2.927

Table 5.3: Classification accuracy and average distances between anchor, pos-
itive and negative sample

99.3%. Notably, for locations MT and SR, all samples within the holdout
set are correctly classified. The consistent distances observed between an-
chor, positive, and negative samples provide evidence that the model has
effectively generalized its discriminative properties.

The task of labelling traffic scenes presents a challenging problem in the field
of research. While it may be feasible to establish a concise set of rule-based
labels, such as “following” or “overtaking”, for scenarios involving only a
small number of vehicles, the complexity of traffic scenes far surpasses this
scale, often comprising several dozen vehicles at maximum. Attempting to
manually label such complex interactions or relying on rule-based methods
would therefore prove unproductive. As a result, an alternative approach
becomes imperative for the purpose of validation. This approach utilizes
features derived from the graph structure itself (see Table 5.4). These features,
although not as discerning as categorical labels, offer valuable aggregated
information regarding the defining characteristics of a given traffic scene.
Those features are used to evaluate how well the embedding space captures
semantic information of the traffic scenes. Again, the holdout set is employed
to regress a number of handcrafted features via a small four-layer MLP (30
hidden dimensions) utilizing the embedding space S. For this, the holdout
set is split again into a train/test (80/20). The results of the regression errors
for the test set is shown in Table 5.4. Training was conducted over 2500
Epochs, with a learning rate of 0.001, 10% dropout, optimized using ADAM.
The model was trained on Mean Squared Error (MSE). To bring the resulting
errors into context, the Mean Absolute Error (MAE) of the prediction in
combination with the Mean, Standard Deviation (Std), Min and Max of the
regressed feature in the test dataset is also included.

By evaluating the absolute error in relation to the usual ranges of the corre-
sponding regressed variables, the considerable significance of the embed-
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Regression Variable MSE MAE Mean Std Min Max

∥Elon∥ 0.572 0.553 1.937 1.37 0.0 8.409
∥Elat∥ 0.885 0.218 0.243 0.388 0.0 2.067
∥Eint∥ 0.367 0.588 3.195 2.097 0.0 12.85
∥E∥ 0.108 3.490 58.45 53.611 1.0 398.0
∥Vcar∥ 0.289 0.772 8.160 3.75 1.0 22.0
mean(ν) 0.434 0.635 4.349 1.863 0.0 10.894

Table 5.4: Regression performance of the embedding space onto handcrafted
features.

dings can be established. For example, the number of cars ∥Vcar∥ can be
estimated with a deviation of less than one car on average. Similar results
can be observed for the number of edges, velocities of cars and the number of
interaction types (∥Elon∥, ∥Elat∥, ∥Eint∥), that are normalized to the number
of vehicles in the regarding scene.

To conclude the investigation of the embedding space, three important prop-
erties of the approach are tested and observed. First, it is shown that similar
graphs are closer to each other compared to dissimilar graphs. Second, it
can be established that the fixed-dimensional embedding space contains
important information that can be effectively utilized in subsequent tasks.
Finally, it is confirmed that the embedding space has continuity for at least
some of the traffic scene determining information.

Clustering Evaluation

To conduct a thorough examination of the formed clusters in Experiment 1
with respect to their semantic meaning, the DBSCAN clustering algorithm
(ϵ = 0.05, samplesmin = 5) is applied to the encodings. The selection of
parameters is determined through the utilization of the elbow method [162].
This yields a total of 75 distinct clusters and outliers (depicted in black), as
illustrated in Figure 5.6. To improve clarity, fewer colors are used to depict
the clusters; thus, only points of clusters that have the same color and are in
close spatial proximity are connected. Points of the same color that are not
close together belong to different clusters.

For the qualitative assessment of the method, two traffic scenes from each of
two distinct clusters are presented in Figure 5.7. Broadly speaking, each clus-
ter encompasses traffic scenes that unfold consecutively over time, aligning
with the initial expectations. This observation indicates, that nearly identical
scenes are grouped together. Furthermore, scenes recorded at different times
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yet exhibiting a similar vehicle arrangement are also allocated to the same
cluster. For instance, in Figure 5.7a, several vehicles can be observed traveling
in a convoy. Despite variations in specific areas, the commonality of a vehicle
chain is consistently represented in every sample within this cluster.

This pattern is prevalent across the majority of clusters. Notably, the case
exemplified in Figure 5.7b is noteworthy, where the network autonomously
groups traffic scenes involving a parked vehicle (red circle). Despite the inclu-
sion of velocity information for each participant, the classification “parking”
is not considered.

S0

S1

1

1

Figure 5.6: Each dot represents a graphic scene embedding in the two-
dimensional S. The samples within a given cluster are identified
by the same color and are located in close spatial proximity to one
another [9].

To assess the encodings on a deeper semantic level in Experiment 2, clustering
of the test dataset is applied. Initially, dimensionality reduction is executed
using the UMAP algorithm [163] (nneighbors = 5,mindist = 0.0, ncomponents = 2).
The resulting two-dimensional space undergoes agglomerative hierarchical
clustering (refer to Figure 5.9). The determination of the number of clusters
involves testing a reasonable range ([2..500]) against their silhouette score,
and the version with the highest score is selected. It is observed that the
silhouette score generally increases with the number of clusters until approx-
imately 250 clusters, reaching a score of around 0.75. Beyond this point, the
silhouette score starts to decrease. To facilitate manual evaluation of the
clusters, the number of clusters is capped at 32, with a silhouette score of
0.687.

Figure 5.8 presents six traffic scenes selected from two distinct clusters of
Figure 5.9. The top three scenes from the first cluster (a) depict a small group
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a)

b)

Figure 5.7: Two exemplary traffic scenes of two clusters. Vehicles are de-
scribed by blue rectangles, road boundaries are indicated with
black and white lines. The first cluster has the characteristic that
several vehicles drive behind each other (a). The second cluster
several vehicles are in the roundabout additionally there exist a
parking vehicle (red circle) (b). (Adapted from [9])

of two traffic participants driving behind each other, individual participants
in an intersecting lane, and one vehicle that does not interact with any other
vehicles. It is noteworthy that the approach not only captures similar scenes
for the same road type but transcends road types to make scenes on differ-
ent roads comparable. The traffic scenes in the second cluster (Figure 5.8b)
showcase long queues of traffic participants. Consistent with the aforemen-
tioned clusters, the remaining generated clusters exhibit analogous patterns
within their traffic constellations. In general, clusters portraying similar traf-
fic scenarios are discovered across diverse road configurations in various
locations.

This qualitative analysis demonstrates that the model has successfully ac-
quired a semantic representation of traffic scenes. However, in both Exper-
iment 1 and Experiment 2, certain traffic scenes have been grouped into a
cluster where no identifiable pattern is present upon inspecting the original
scene. It is evident from the presented data that an automated algorithm
does not consistently distinguish between traffic scenes and traffic situations
based on the same characteristics as humans, a phenomenon that was al-
ready predicted by Hauer et al. [51] in the context of automatic clustering

75



5 Scene Clustering

a)

b)

Figure 5.8: Three examples of traffic scenes, each of two different clusters (a,
b) from Figure 5.9 (Adapted from [4])

of traffic scenarios. Therefore, these clusters cannot be easily classified by
humans. However, there are shared similarities within these clusters that
may be justified on their own, but are difficult to classify based on human
common sense.

5.4 Summary

With the self-supervised graph clustering approach presented above, the
questions in Research goal 3 are addressed. It presents the effectiveness
of GNN when coupled with contrastive learning as a viable approach to
encode complex traffic scenes. The methodology facilitates scene comparison
without relying on hand-crafted labels and features, instead leveraging the
inherent interaction graph structure between vehicles in an automated man-
ner. The resulting embedding space demonstrates the ability to distinguish
between positive and negative samples from an anchor, while also capturing
essential graph-level properties. A qualitative analysis of formed clusters
reveals the approach’s capability to successfully identify similar traffic scenes
on different street types.
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Figure 5.9: The embedding space S is dimensionally reduced to a two-
dimensional space using the UMAP algorithm. Hierarchical clus-
tering is employed to assign data points to 32 distinct clusters,
which are represented by different colors. (Adapted from [4])
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The goal of a driver model is to create an intelligent, knowledge- and rule-
based system that reacts according to the given environment in order to
create a trajectory. Research into motion and trajectory prediction in road
traffic has been driven in particular by the ongoing development of highly
automated driving. Several influential factors significantly contribute to
ensuring safe navigation from one point to another. While some factors,
such as road infrastructure, are inherently static, the behavior of various
traffic participants undergoes dynamic changes over time. Therefore, the
adaptive response of an autonomous vehicle, including actions such as steer-
ing or braking, heavily depends on a comprehensive understanding of the
changing behavior of nearby traffic participants. The variation in responses
among traffic participants, depending on their specific situational contexts,
highlights the need for a model that predicts their intentions. The creation
of such a model requires an understanding of not only the exact positions
of traffic participants but also their interrelationships. Human drivers, for
example, gain insights about the underlying traffic dynamics directly from
their perceptual environment. This understanding is augmented by their
knowledge of traffic regulations and observed behavioral patterns.

This chapter addresses the behavior models that will be incorporated into the
simulation in the subsequent chapter (see Chapter 7) for the initialization of
the respective actors in a scene. The objective is to develop behavior models
that reflect a broad spectrum of driving behaviors observed in real-world
scenarios. For this reason, machine-learned driving behavior models based
on the SSG (see Chapter 3) are discussed on the one hand. On the other hand,
classic, rule-based models are also discussed.

Parts of this chapter have been published previously in the following peer-
reviewed publications [7, 5], and some of the content has been adopted
verbatim.
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6.1 Related Work

The modeling of driver models for vehicles has been a long-studied topic.
The aforementioned models can be classified into two principal categories.
The first category comprises models designed for the purpose of controlling a
vehicle and calculating its behavior for a specific driving task. In this context,
the models make use of explicit measured variables and specified behavioral
parameters. The second category includes models designed for the purpose
of prediction. Various physic-based, mathematical, and machine-learned
models are used to predict the behavior of other traffic participants. The
boundary between the models is not clearly defined, and most of them can
be replaced by a model from another category.

In the first category, Gartner et al. divide models into microscopic, meso-
scopic, and macroscopic traffic models [164]. The mesoscopic level views
traffic as a fluid, enabling simulation of road network occupancy. At the
microscopic level, vehicles are individually stored in more complex mod-
els, allowing for more specific mapping of driving tasks [165]. These levels,
which primarily calculate vehicle groups or vehicle flows, are not relevant for
this work since it is not possible to consider individual vehicles. In contrast,
microscopic models consider vehicles at the highest level of complexity and
take into account the respective environment for each vehicle individually.

Classic vehicle-following models operate on the same principle: they use
mathematical rules to model vehicle behavior in a deterministic manner. The
model’s reaction, typically acceleration, is determined by an external input.
One commonly used model for calculating a vehicle’s acceleration is the
work of Gazis et al. [166]. This model considers the speed of the vehicle
and the distance from the vehicle in front, with two model constants, and
includes sensitivity to the distance between vehicles. Treiber et al. [167] have
developed the Intelligent Driver Model (IDM) based on this basic idea. The
model incorporates empirically measured behavior of traffic participants,
resulting in a more concrete description of their behavior. Additionally, the
model parameters can be interpreted and, like the model of Gazis et al., it
allows for fast numerical calculation of acceleration. Another driver model
that uses similar model parameters as the models above, but introduces
reaction time and a disturbance variable is presented in the work of Krauß
[168] obtaining deviations from optimal driving. This model is utilized in
the SUMO traffic flow simulation [169]. For an in-depth analysis of driver
models, see the work of Gartner et al. [164].

Detecting hazardous scenarios and responding appropriately to prevent or
minimize accidents is a significant challenge. This includes predicting traffic
states and assessing the potential level of hazard in the upcoming situation.
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Prediction of other traffic participants is especially necessary in the case of
intelligent vehicles.

Lefèvre et al. [170] categorize prediction models for traffic participants into
three subgroups: physics-based, maneuver-based, and interaction-based
models. Physics-based models utilize kinematic dynamics models to calcu-
late the behavior of traffic participants, taking into account factors such as
acceleration, position, and heading. These models are efficient and widely
used to compute criticality metrics and tracking algorithms. However, fore-
casting capabilities of these models are typically very limited, especially for
longer forecasting horizons. Maneuver-based models predict the driver’s
intended driving behavior and future plans, such as turning or overtaking.
The predicted trajectory is then determined, in some cases, using physics-
based models. Interaction-aware models expand on the concept of maneuver
recognition by considering the influence of other traffic participants on a
given participant’s behavior. For a review of these models using traditional
methods, please see Lefèvre’s survey paper [170].

The current state of the art of trajectory predictors uses machine learning
techniques. Most models either fall into the maneuver prediction category or,
in particular, newer models fall into the interaction-aware model category.
These recent developments have seen the use of neural networks, particularly
Recurrent Neural Networks (RNNs) based on Gated Recurrent Networks
(GRUs) or Long Short-term Memorys (LSTMs) [171]. Current methods for
machine learning are primarily based on supervised learning. However, they
often use complex energy functions as loss functions or involve multiple loss
functions, which must be determined manually.

Architectures can be broadly classified into two categories: one for processing
ordered data, mainly synthetic images, and those for non-ordered, graph
data. CNNs are commonly employed to incorporate image-encoded con-
textual information, whereas RNNs or transformers are generally applied
to non-image data. Conversely, graph-based models represent vehicles or
road segments as nodes, employing graph convolution to share dynamic
information across multiple steps within their graphs.

6.1.1 Image-based Trajectory Prediction

In the field of image-based trajectory prediction, Bansal et al. [90] utilize a
simple CNN to extract features from an abstract birds-eye view (top-down)
image representation. These features are then processed in an RNN to predict
the movements of an agent. Parallel RNN streams provide distinct loss
information using both vehicle and contextual data. Hong et al. [172] use a
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similar approach where road geometry, traffic light information and other
traffic participants are combined into different tensors similar to a birds-eye
view. The first two dimensions represent spatial positions in the top-down
image. The third dimension contains content information, such as previous
states or other feature information. The traffic participants have dynamic
attributes such as speed and acceleration. The approach of Schörner et al.
[173] is based on a similar, stacked image environment representation. In this
representation, the subsequent states at a given point in time in the future are
estimated. The prediction of a trajectory is achieved by iterative prediction.

MultiPath [174] utilizes state-sequence anchors that correspond to a model of
trajectory distributions. During inference, the model predicts a discrete dis-
tribution over the anchors and regresses offsets from anchor waypoints along
with their uncertainties. This results in a Gaussian mixture at each timestep.
Chen et al. [91] propose a simplified approach to designing a vehicle con-
troller, using a pure feed-forward CNN model, specifically the VGG16-Net
[175], originally developed for computer vision classification and detection.
In this non-recurrent model, the temporal dimension is achieved by transpar-
ently blending the graphical representation of the previous timesteps with
the representation of the current timestep. Zeng et al. [92] postulate a CNN-
based model to represent probability distributions of traffic participant’s
movements from vehicle sensor data for safe vehicle movement planning.
The work of Cui et al. [176] represents one of the earliest applications that
use multimodal trajectory prediction and introduce the multi trajectory pre-
diction loss to overcome the mode collapse problem.

6.1.2 Graph-based Motion Prediction

Recently, the potential of graph representations for trajectory prediction has
been recognized. They have the advantage over image-based approaches, for
instance, that information and especially its relationships can be represented
explicitly. As a result, graph-based prediction architectures are at the top of
the ranking lists of publicly available datasets [177, 178].

Diehl et al. [121] have created a graph representation of a highway scene
connecting up to eight vehicles. They compare the trajectory prediction
performance of Graph Convolutional Network (GCN) [179] with Graph
Attention Network (GAT) [180] and propose modifications to the task of
vehicle behavior prediction. Mo et al. [181] present an approach employing
a GNN-RNN combination, drawing inspiration from Diehl et al. trajectory
prediction method. In this approach, vehicles are represented by an RNN,
and their interactions are modeled as a directed graph using a GNN. The
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model’s output is subsequently subjected to further processing using an
LSTM [182]. Li et al. [118] present a graph-based approach for interaction-
aware trajectory prediction (GRIP), which focuses on highway scenes. The
approach represents close vehicles as neighboring nodes in a graph. The
authors of [183] propose a spatio-temporal graph dual-attention network
for multi-agent prediction and tracking. It incorporates relational inductive
biases, a kinematic constraint layer and leverages both trajectory and scene
context information.

Gao et al. [120] present VectorNet, a vectorized definition of the scene where
unified representations are learned from their vectorized form. The graphic
extent of a road feature can be a point, a polygon, or a curve in geographic
coordinates. A GNN is then used to incorporate the set of vectors, where
each vector is treated as a node in the graph. This work is particularly
relevant in the context of road representation, as it is used as a basis for
many other works. Zhao et al. [184] present the Target-driveN Trajectory
(TNT) framework, whose backbone is based on VectorNet. This approach
consists of three steps: predict the agent’s potential target states into the
future, generate trajectory state sequences conditioned on targets, estimate
trajectory likelihoods and final compact trajectory predictions. The work
of Grimm et al. [185] proposes a highly heterogeneous graph structure to
represent interaction between traffic participants and the static environment.
The road layer representation is influenced by the VectorNet idea. The SEPT
framework by Lan et al. [186], inspired by the well-known large language
models, is also based on the principle of self-supervised learning. Using a
transformer architecture, the trajectories and the road network are learned
separately. The input representation of traffic participants is a tensor of the
nearest traffic participants, including relative position and type for a given
history. The road information is also based on the VectorNet approach.

The GNN-based approach presented in work of Ma et al. [122] utilizes the
Frenet representation to enhance trajectory prediction in multi-agent interac-
tions. In contrast to most prior work, edges are not set with all nearby traffic
participants, but with specific traffic participants based on the interaction
type. The attributes of the nodes and edges are generated using both a feature
vector (velocity and relative distances) and a top-down image.

6.2 Machine Learning Models

Imitation learning models offer the possibility of replicating the real behavior
of different traffic participants depending on the situation. Graph-based
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methods, which enable the mapping of explicit relationships between traf-
fic participants, have particularly good prediction properties. The section
introduces two architectures for traffic participant prediction (Relation-based
Model and Hybrid Model) that focus on the interaction between individual
traffic participants. The models based on imitation learning presented here
employ the SSG described in Chapter 3 to predict a movement based on it.
The Relation-based model predicts a longitudinal acceleration of the ego-
vehicle based on the SSG. The second model, the Hybrid Model, additionally
incorporates a top-down representation of the environment as an image into
the model architecture, predicting a complete trajectory.

6.2.1 Architectures

Relation-based Model

This model is intended to capture the behavior of a traffic participant based
on its immediate dynamic environment and to estimate the longitudinal
dynamic behavior based on this information. The contextual information
is exclusively provided by the SSG. This means that all traffic participants
are represented by nodes in the graph and mutual relationships are rep-
resented by edges based on the relative position of the traffic participants
with respect to the topology of the road network. No explicit road geometry
information is included in the input representation. This prevents a concrete
prediction of the steering angle. Accordingly, only the acceleration behavior
ã is predicted.

ãi(t) =
νi(t+∆t)− νi(t)

∆t
(6.1)

In the following experiments, ∆t is set to 1 s, which approximately corre-
sponds to the average acceleration ã over the next 10 timesteps.

The representation of the participant’s environment is learned by using a
GNN approach, where each participant is represented by a node. The nodes
are updated based on the outgoing edges and their corresponding neighbors.
The message passing approach employed here is based on the work of Gilmer
et al. [187] (see Equation (6.2)).

hik = hik−1 ·Θ+
∑

j∈N (i)

(
hjk−1 · ϕedge(e

ij
attr)

)
(6.2)
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âi

a)

b)

Figure 6.1: Relation-based trajectory prediction architecture for an ego-
vehicle i, for the Single Step model (a) and the Recurrent model (b).

The message function comprises a learned MLP ϕedge that maps edge attribute
vector to a weight matrix. The weight matrix is then multiplied by the
attributes of the neighboring nodes hjk−1. The update function sums the
message functions of all neighbors (j ∈ N (i)) and adds them to the current
state of the root node hik−1, which is mapped by a learned weight matrix Θ.
This results in the updated root node hik.

Typically, GNNs are designed that the message passing step k ∈ K can be
performed several times in a row to propagate the information further in the
graph. In this architecture, the number of message passing steps is limited
to K = 1. As a result, the root node only receives the information of the
neighboring traffic participants that are assigned a direct relation by the SSG.
This is intended to show that the information content of the SSG is sufficient
for the prediction and thus indirectly for the representation of a traffic scene.
After the message passing step, each node in the graph contains a hidden
state hik, which is dependent on its neighborhood and the associated relations.
Finally, hiK is mapped by ϕacc to a floating point number that describes the
predicted acceleration âi.

In the applied architecture ϕedge has a hidden size of 32. Hidden states of
nodes hk have the size of 64. ϕacc is also an MLP with a hidden size of 128.
The sizes of the hidden layers and all other hyperparameters are determined
empirically with a grid search. All MLPs have an interposed Leaky ReLU as
an activation function. In the following and in the experiment sections, this
architecture is referred to as Single Step (see Figure 6.1a).

In addition to considering a single traffic scene as input, the influence of a
temporal sequence of scenes on motion prediction is investigated. To capture
the temporal information, an LSTM [182] architecture is applied. The idea of
capturing temporal information of a graph is based on the works of Taheri
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et al. [188]. For each graph for t of the temporal sequence of the length T̃ ,
the node information is propagated through the graph with the Single Step
architecture (see Equation (6.2)). The state of each hidden node is then fed into
an LSTM block, updating the LSTM encoding. This process is repeated for
each graph in the temporal sequence, updating the LSTM encoding each time.
The final LSTM encoding ϵLSTM of the Recurrent architecture (see Figure 6.1b),
is then converted to an acceleration value by an MLP ϕacc, similar to the Single
step architecture.

Hybrid Model

As shown in the state of the art (Section 6.1), two input representations are
particularly common in trajectory estimation. The Hybrid Model architec-
ture utilizes two separate machine learning methodologies based on two
distinct representations of the environment. One method relies on a top-
down image-based representation that incorporates spatial information, in
particular road information, while the other uses a graph representation of
the environment that is specifically designed to represent social contexts
within a traffic scene. Both the graph representation of the Hybrid Model
and the relational trajectory model are based on the SSG.

The top-down images of the grid-based environment representation are
based on the work of Bansal et al. [90] and Chen et al. [91]. In contrast to
the Relation-based trajectory model which is a joint prediction model, the
Hybrid model predicts only one specific ego-vehicle for each prediction step
(independent prediction). This means that if n vehicles are to be predicted
in a scene, n prediction runs must be started. A corresponding view of the
traffic scene is generated (refer to Figure 6.2), centered on the ego-vehicle.
The ego-vehicle is colored in red, and its front is always oriented to the
right in the local image coordinate system. Other traffic participants are
shown as green rectangles, the length and width of the traffic participant
is determining the size of the rectangle. Lane markings are represented by
white lines. In addition to the current position of each traffic participant,
their movement history is also represented by fading rectangles. The degree
of fading corresponds to the time interval to the current state. The movement
history is divided into ten states over a period of one second. Each square
in the top-down scene represents an area of 53m×53m in reality. This size
has been chosen to ensure that all traffic participants relevant to the ego-
vehicle are within the field of view, particularly in inner-city traffic situations.
The top-down view is then rasterized in 224 px×224 px, whereby a pixel
reflects approximately 0.24m×0.24m in reality. Three examples of the input
representation are pictured in Figure 6.2. The goal is to predict the trajectory
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Figure 6.2: Three exemplary top-down images. The red rectangle describes
the ego-vehicle whose trajectory is to be predicted. The green
rectangles are other traffic participants.

of an ego-vehicle T̂ i based on a sequence of observed history states of length
T̃ . The observed states comprise not only the information of the ego-vehicle
but also that of its environment, which includes the positions and speeds of
all neighboring traffic participants, supplemented by the road information.
In contrast to the Relation-based Model, the additional road geometry should
enable the Hybrid Model to predict a trajectory including steering angles. In
Figure 6.3 the hybrid architecture is depicted. The architecture includes two
parallel processing streams: the graph pipeline and the image pipeline, each
of which computing an independent embedding that is combined at the end.
A weighting mechanism determines the relative influence of both branches
in regard to the traffic scene. The entire model is trained as a whole.

In the graph branch, the initial step involves computing an embedding for
each node hi in every graph G(t) of the temporal history. This embedding
contains information about the social neighborhood. The propagation of
node information follows the same approach as in the Relation-based Model
(Section 6.2.1, Equation (6.2)). The used message passing function has been
slightly extended, so that the sum message aggregation function has been
replaced by a mean operator, and the update function uses two activated
fully connected layers instead of the learned weight matrix Θ as suggested in
the work by Rico et al. [189]. The predicted state for each traffic participant
is obtained by combining the embeddings of its historical states using a
two-layer GRU network. The input size hi is equal to the output size of ϵiG
after the GRU, which is a vector of size 128.

The image data I i is processed by the VGG16 network [175]. A linear layer
is appended to create a 128-dimensional image embedding ϵiI for the corre-
sponding ego-vehicle i.
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ϕtraj

T̂ i

Figure 6.3: Trajectory prediction architecture for an ego-vehicle i, consist-
ing of two parallel models for the computation of both graph
(G(t)) and image information (I i). Using a learned weighting
factor (αG, αI), the resulting embeddings (ϵiG, ϵ

i
I) are combined.

(Adapted from [5])

The attention block evaluates the importance of the two embeddings in terms
of how much one of them could contribute to finding the correct trajectory.
First, both embeddings are normalized to achieve an equal weighting for the
subsequent task. Then, each embedding is transformed separately to a scalar
by a fully connected MLP with an intermediate nonlinear activation function.
The resulting scalars, αG and αI , are bounded to a value range between 0.1
and 0.9, and it is ensured that their sum is always equal to 1. Applying
these constraints guarantees that each embedding contributes at least 10% to
the final embedding. This is essential for the training process, as it ensures
that a slower training of one of the two submodels is not suppressed prema-
turely. The combined embedding ϵiC is obtained by linear combination of the
weighting factors (αG, αI) and the associated model embeddings (ϵiG, ϵ

i
I).

ϵiC = αi
Gϵ

i
G + αi

Iϵ
i
I (6.3)

After calculating the embedding, a two-layer, fully connected MLP with a
Leaky ReLU activation function ϕtraj is used to generate the final position
sequence T̂ i. This sequence represents the trajectory of the ego-vehicle and is
composed of T̂ = 30 discrete components for a time interval of the next 3 s.

T̂ i = (x̂i0, ŷ
i
0, x̂

i
1, ŷ

i
1, ..., x̂

i
T̂
, ŷi

T̂
). (6.4)
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6.2.2 Training

The training for the Relation-based Models (Single Step, Recurrent) and Hy-
brid Model is conducted using the same dataset. The dataset (see Section 3.1)
has been divided into three sets for training purposes. The first set, which
contains 10% of the data, has been reserved as a holdout set for subsequent
evaluation. The second set, which represents 5% of the data, has been des-
ignated as the validation set to review the training approach in the first
place and to adjust the hyperparameters for training. The largest set, which
accounts for 85% of the data, has been used for the training process.

The graph representation used in Relation-based Models on its own is insuf-
ficient to accurately predict future trajectories based on input data due to
the non-Cartesian nature of the processed edge features and the use of the
norm of the velocity vector as a node feature. Furthermore, the neglect of
road geometry further amplifies this limitation. For this reason, these two
models are only trained to estimate acceleration values, as described above.
The loss Lacc specified in Equation (6.5) is used for this purpose.

Lacc =
1

n

∑
i

∣∣âi − ãi
∣∣ (6.5)

In the Hybrid Model, a trajectory is predicted and, accordingly, the predicted
trajectory T̂ is weighted with an L1 loss compared to the target trajectory T̃
during training using the loss term Ltraj .

Ltraj =
1

n

∑
i

|T̂i − T̃ i| (6.6)

For each entity in a scene graph, the acceleration or the trajectory is used
as a training sample. It is important to note that only the acceleration or
the trajectory of the traffic participants present in the scene at the starting
point t = 0 is predicted. Traffic participants, that leave the scene earlier, are
still considered for the calculation of the historical states, but not used for
individual training samples.

The ADAM optimizer has been used to train all modes, with an initial learn-
ing rate of 10−4. The learning rate has been periodically reduced by an order
of magnitude when the validation batch fails to achieve a better loss.

89



6 Driving Behavior Models

6.2.3 Experiments

The models are evaluated using the Average Displacement Error (ADEt) and
Final Displacement Error (FDEt). ADEt represents the average Euclidean
distance between the predicted vehicle positions and the ground truth over
t s predicted time interval in meters. FDEt is the displacement of the last
predicted position after t s. As proposed by the INTERPRET challenge bench-
mark [178] the time horizon is set to t = 3 s. The models are compared
to two naive baselines to showcase the information embedded in the SSG.
The Baseline Mean model is a simple approach that consistently outputs the
mean value across the entire test dataset. Meanwhile, the Baseline Zero model
consistently outputs zero acceleration, also known as a constant velocity
model, regardless of the input. As a result, the vehicle continues to move at a
constant speed and does not react to the environment. To ensure compara-
bility of results, a constant acceleration is assumed for future timesteps and
a trajectory is computed based on the ground truth path of a traffic partici-
pant. This allows to describe the deviation of the traveled distance, which is
comparable to the FDE3 or the ADE3 of a trajectory comparison, as follows
in Equation (6.7). However, it is important to note that this model currently
only predicts the longitudinal motion component (acceleration/braking) of
a traffic participant and does not take into account the lateral component
(steering)*.

FDEt =
∣∣âi − ãi

∣∣ t2
2

(6.7)

ADET̂ =
1

∥T̂∥
∑

0≤t≤T̂

∣∣âi − ãi
∣∣ t2
2

(6.8)

The results of the trajectory predictions are shown in Table 6.1. Compared
to the baseline, the Single Step model is about 20% better in the task of
predicting fitting trajectories for an ego-vehicle. If an ablation model without
edge information, i.e., neither topology nor edge attributes, and only access
the current vehicle state is considered, the Single Step model still performs
over 10% better. This information suggests that the prediction model can
estimate a trajectory (acceleration) based on a traffic scene. Additionally,
the SSG stores relevant information about the traffic scene that is useful for
interactive driving in traffic. This has been further investigated in the work
of Grimm et al. [14]. Here, the SSG is used as additional information for a
trajectory predictor and its influence on the prediction accuracy has been
examined. It is been shown that the fully connected graph can be reduced to
only those edges (reduction of 90%) that are also present in the SSG without

*Errors have been calculated using Equation (6.8) or Equation (6.7)
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Model FDE3 in m ADE3 in m

Baseline Mean∗ 2.943 1.174
Baseline Zero∗ 2.696 1.075
Single Step∗ 2.223 0.853
Single Step no edge data∗ 2.484 0.953
Recurrent5∗ 1.219 0.434
Recurrent10∗ 0.846 0.291

Hybrid1 1.347 0.41
Hybrid6 0.514 0.229

Table 6.1: Trajectory prediction results on the INTERACTION dataset

any loss in performance. This suggests that the SSG contains all interactions
with relevant traffic participants.

Considering the temporal network, which includes the history of the traffic
scene for the prediction, the results are significantly improved. The prediction
accuracy increases with the length of the history. The Recurrent10 model,
which incorporates an additional 10 timesteps equivalent to 1 s of history,
performs better by reducing the FDE3 by two thirds.

At first, it seems that the Hybrid Model performs worse even after including
the amount of image information. However, it is important to note that the
prediction task of the hybrid network is significantly more complex. This
is due to the fact that the trajectory prediction requires estimation of not
only the acceleration but also the steering angle. This also explains why the
Hybrid1 model performs worse than the Recurrent10 model. The evaluation of
trajectory predictors involves estimating up to 6 future trajectories simultane-
ously, rather than just one. Extending the model in this way allows for better
comparison with the current state of the art. The ten highest-ranking models
listed in the INTERACTION leaderboard [178] have FDE3 values ranging
from 0.4577m and 0.6375m. This puts the Hybrid6 model in the mid-range
of these state-of-the-art models.

6.3 Path-following Driver Models

When imitating the explicit behavior of traffic participants, machine-learning
methods are ahead of classical methods in terms of prediction accuracy [178].
However, most classical models are significantly faster than machine-learning
models in terms of computation time. For an analysis of the execution time
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of the models, see Appendix 4. Furthermore, the classical models add new
behavior patterns to the later simulation. For this reason, this thesis also
examines classic, rule-based approaches in addition to machine-learning
models.

One example of a simple and non-interactive behavior model is the constant
velocity driver model. This model maintains the initial absolute velocity
ν and follows a given path. If the initial velocity is zero, the vehicle does
not move in the simulated scenario. Another non-interactive model is the
emergency brake model. This driver model performs a controlled emergency
stop with a given braking acceleration along a given path. The vehicle
decelerates until it comes to a complete halt, where it remains for the rest
of the scenario. The Intelligent Driver Model (IDM) model is a commonly
used classic approach that can react to the vehicle in front. However, it does
not evade obstacles in the lane, but only allows for a braking maneuver.
Therefore, a predefined path must be provided for the IDM. The model aims
to reach a target speed ν0 while maintaining a distance d∗F . The acceleration
a is determined by an expression that incorporates the current velocity ν,
and the gap to the vehicle in front dF . The IDM is highly parameterizable,
whereby the maximum acceleration amax of the ego-vehicle, the comfortable
braking deceleration ab, as well as the minimum distance to the front vehicle
dF 0 and the minimum time to the front vehicle t0 can be set in order to achieve
the desired driving behavior. The acceleration coefficient δ is typically set
to 4, but it can also be used to weigh the importance of the corresponding
velocity based on the required use case.

a = amax

(
1−

(
ν

ν0

)δ

−
(
d∗F
dF

)2
)

(6.9)

d∗F = dF 0 + ν · t0 +
ν ·∆ν
2amaxab

(6.10)

The relation-based and rule-based models described above are not capable of
independently determining lateral acceleration, and are therefore dependent
on an externally specified path. This work examines two possible methods
for determining the path. Firstly, the trajectory data can be extracted from
the dataset. However, this method requires the traffic participant traveling
exactly on the recorded path in order to continue using it. However, one
challenge is that the predefined path is finite and ends as soon as the record-
ing is finished. This implies that vehicles included in the data set cannot be
assigned to a trajectory in the simulation. An alternative option is to follow
the center line of the current lane. The shape of the centerline of a lane defines
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Figure 6.4: Schematic illustration of possible paths for a traffic participant
along the lanes (a). Heuristic for determining the most plausible
paths in regard to the orientation ψ (b)

the course of the path. The starting point for determining the respective path
is always the center of the traffic participant. In most cases, the paths run
parallel to the respective centerlines of the lanes at a constant spacing. An
exception to this is a lane change to parallel lanes (see blue path in Figure 6.4).
It is possible for a traffic participant to have several possible lanes to follow.
To select the lane, an anchor point is calculated for each option, which is
defined by a length when following the respective lane. Figure 6.4 displays
three potential lanes for which the anchor points (pA, pB, pC) are calculated.
The next step involves selecting the path with the smallest angular deviation
(βiA, βiB, βiC) between the orientation of the traffic participant ψi and the
vector between the center point and the anchor point. In principle, this step
can be parameterized in several ways, e.g. it is always possible to try to turn
in one direction, whereby the path with the largest angle in one direction is
selected. Furthermore, a collision calculation is performed using this path,
in order to determine, for example, the distance to the next relevant traffic
participant for the IDM. The distance between each traffic participant and
the path is calculated. When the distance falls below a predefined threshold
value (see gray box with the blue path in Figure 6.4a), the traffic participant
is considered an obstacle to which the model must react to. A clearance of
5 m is uniformly set for all traffic participants in this work.

6.4 Summary

This chapter introduces and implements two types of behavior models that
are used in Chapter 7 to simulate realistic and reactive behavior in a simula-
tion environment. The focus here is on imitation learning-based trajectory

93



6 Driving Behavior Models

predictors. These have the ability to process the entire scene and all the
situations implicitly contained in it, and to predict a trajectory that is as close
as possible to real human behavior. The trajectory of the developed Hybrid
Model mimics the behavior of the respective humanoid driver on average to
0.41m. In combination with rule-based behavior models, which are already
widely employed in simulations, the presented behavior models and pre-
diction models address the research questions outlined in Research goal 5,
thereby demonstrating how a behavior is modeled to represent realistic
driving behavior.
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Simulation has emerged as a powerful tool for conducting scenario-based
testing in the area of traffic scenarios. The accuracy and validity of a simula-
tion depends on the expression of real behavior of the entities participating
in the traffic scenarios. It is very difficult to have a hybrid simulation where
recorded trajectories of traffic participants and intelligent actors coexist, espe-
cially in more complex traffic scenarios [60]. Consequently, it is essential to
employ a dynamically responsive testing environment to assess and compare
the driving capabilities of various HADFs. Consider a simulation of a sce-
nario involving a merging actor vehicle under event and time-based control.
Here, the actor vehicle starts moving as soon as a certain point is reached
by the System under Test (SuT). For conservative driving HADFs with a
low target speed, the situation may be deemed critical in one instance, while
another HADF with a high target speed, having already passed the on-ramp.
Due to the different behavior of HADFs, it is possible that a desired situation
of a test scenario is hardly or not at all evoked. This renders test scenarios
ineffective. This is especially relevant when other traffic participants must
actively react to the ego-vehicle.

One challenge is that direct access to a HADF is not always available (see
Chapter 1), and there is a need to identify generally challenging traffic
scenarios.

This chapter introduces an alternative approach to conventional methods,
aiming to uphold independence from the tested driving function. Instead of
relying on predefined scenarios, seed-scenes, which can be any frame of a
data recording, are employed to exclusively define the initial conditions of
each scenario. The subsequent evolution of the scenario can be determined
by the driving function to be tested and the decisions that result from it.

To gain insight into the criticality of a seed-scene, potential outcomes are
extrapolated using closed-loop simulations using behavior models of the
actors involved. This process allows for a comprehensive evaluation of
different simulated futures, ultimately providing a holistic assessment of a
scene’s significance in testing HAVs.
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Parts of this chapter have been published previously in the following peer-
reviewed publications [3], and some of the content has been adopted verba-
tim.

7.1 Related Work

7.1.1 Scenario Generation

As stated in Section 2.1.4, scenario-based testing is a main approach for
testing HAVs. The literature presents various approaches for generating test
scenes or scenarios to validate the SuT in a test process.

Section 3.2.2 presents ontologies for describing scenarios. Scenarios can be
generated by combining different classes and sampling from a parameter dis-
tribution [74, 75, 190]. After selecting a logical scenario, scenario exploration
can be used to generate particularly critical scenarios, for example, by search-
ing through scenario parameters [45]. Furthermore, languages have been
developed specifically for describing traffic scenes and scenarios. One popu-
lar description format for simulation is OpenScenario [108]. Scenic [191] is a
probabilistic programming language that allows manual creation of traffic
scenes. Object positions and attributes can be defined as distributions, which
are then automatically sampled to generate a variety of scenes. The work of
Klischat et al. [192] addresses the problem of needing traffic recordings by
generating scenarios using a language. They define scene specifications that
result in a scenario. Trajectories and lane changes are determined by solving
an optimization problem. In the work of Li et al. [193], initial traffic scenes
of a simulation are generated by randomly spawning traffic participants
at given spawn points, which are then controlled by rule-based behavior
models, such as an IDM. However, a focus of the work is the generation
of novel scenarios in which different road courses are always generated by
procedural generation.

Manual and rule-based methods may not accurately represent the complexity
and diversity of the real world. To address this issue, Tan et al. propose an
autoregressive approach in their work SceneGen [52]. This method itera-
tively adds various traffic participants to the scene, starting from an initial
traffic scene. The work of Feng et al. [194], titled TrafficGen, builds upon
the principles of SceneGen. The authors develop an autoregressive machine
learning model that enables scene augmentation or even new scene genera-
tion. Additionally, a trajectory prediction module is used to further predict
an initially generated scene to obtain a scenario. The generated scenes are
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integrated into a reinforcement simulator to train a behavior predictor. The
other traffic participants in the generated scene are controlled using IDM and
lane change models. The methodology used in TrafficSim [195] is similar to
the one described in this chapter. TrafficSim aims to generate realistic multi-
agent behavior automatically. To achieve this, a combined latent scenario
representation is created for all vehicles based on a map and scene repre-
sentation. This is then used in combination with the states of the individual
traffic participants to sample different futures. A significant difference in
their work is that the joint behavior of traffic participants is described by a
single learned model. Therefore, the behavior of all traffic participants is
inherently known by the model.

It is worth noting that, with a few exceptions [194], previous works have
primarily focused on developing generative models. Subsequently, a scenario
is generated using (rule-based) models. This thesis will further investigate
the latter step of the methodology.

7.1.2 Simulators

Simulators have been extensively studied as valuable tools for the develop-
ment and training of HADFs. Various simulators are available for different
applications, taking into account specific features and environments. These
range from macroscopic traffic flow simulations, such as the SUMO simu-
lator [169], to physically based real-world simulations (CARLA [196]). In
recent years, numerous simulators, particularly in the field of computer vi-
sion, have been developed. Notable examples of simulators with a high
degree of graphic realistic traffic scenarios include GTA V [197], known for
its immersive open-world environment; CARLA [196], known for its realistic
urban environments and convenient programming interface; and its exten-
sion SUMMIT [198], designed to further enhance simulation capabilities.
These simulators are adept at generating 3D traffic scenarios, making them
particularly suitable for comprehensive testing of highly automated systems,
encompassing sensor perception. The realistic environments created by these
simulators enable researchers and developers to evaluate the performance
of HADFs under various conditions, contributing to the refinement and
optimization of autonomous driving technologies.

In the context of highly automated driving, the latest research in simulation
places significant emphasis on object lists. Prominent examples are BARK
[60], Nocturne [199], nuPlan [50] and Waymax [200], all of which simulate
traffic scenarios in a closed-loop manner. These state-of-the-art simulators
are able to support multi-agent simulations by using recorded input data
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and employing a 2D coordinate system to ensure a lean and lightweight
design. The primary objective of these simulators is to represent the dynamic
parameters present within a traffic scene. They demonstrate a high degree of
compatibility with the input data format utilised in this work (see Section 3.1),
as it is precisely these parameters, such as the development of the position
of the traffic participants over time, that are examined. Furthermore, the
road information is used to animate the traffic scene with the help of various
simulation models.

It should be noted that the main focus of the environmental modeling de-
veloped in this thesis is on evaluating the behavioral aspects of both the
ego-vehicle and other vehicles within the simulated scenarios. In contrast
to prioritizing the perceptual capabilities of HAVs, this approach does not
require sensor modeling. The simulators under consideration focus on pro-
viding behavior-specific features, such as the exact position, size, and path of
vehicles moving within the simulated road network. This emphasis on be-
havioral complexity contributes to a more sophisticated and targeted analysis
of vehicle interactions within this simulation framework.

7.2 Simulator Concept and Implementation

In this work, a sophisticated multi-agent simulator will be used to extrapolate
scenarios based on real seed-scenes. Recent advances in simulation technolo-
gies and benchmarks have significantly influenced the development of the
simulation environment implemented in this thesis. Various implementation
and concept paradigms of the 2D simulators mentioned in the related work
chapter (e.g. Nocturne [199], nuPlan [50] and Waymax [200]) are applied and
further developed in the simulation environment presented in this work.

The simulator functions as an execution unit, passing an input scene to
various behavior models and updating calculated trajectories to the next
state after each step. The interfaces between modules are standardized,
allowing for module exchange as desired. Other simulators, such as those
presented in Section 7.1.2, can also be employed if additional aspects of
the environment need to be simulated. Assuming a physics calculation is
required, CARLA [196] may be used instead of the simulation framework
implemented for this work. As stated previously, this work focuses solely
on the actions of traffic participants and the resulting trajectories, which,
depending on the model, can be calculated using object lists and road maps
exclusively. Therefore, the simulation can be implemented in a lightweight
manner, which accelerates the simulation time (see Figure A.10).
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Figure 7.1: Block diagram illustrating the simulation process. Trajectory pro-
posals are computed from a seed-scene (SR2(0)), considering vari-
ous behavior models based on the current situation. Each trajec-
tory is followed for a certain timespan (following steps) before a
recalculation is performed, taking into account the changed scene
context (prediction step). (Adopted from [3])

Figure 7.1 illustrates the sequence of simulation steps. The user specifies
a traffic scene to be extrapolated, the so called seed-scene. The choice of
the seed-scene can of course be selected by certain heuristics or randomly
sampled from a dataset. The initialization process also involves assigning
different behavioral models to the individual traffic participants in the seed-
scene. These models can be assigned manually for a particular outcome, or
randomly using a predefined distribution function.

The simulator provides environment and context information for individual
models. In line with current research in trajectory prediction, it also includes
history scenes from the previous second. The history facilitates the usage of
additional imitation learning models (see Chapter 6). The simulator shares
the same environment for each trajectory computation step, allowing the
models to be computed in parallel. This environment includes the position,
size, velocity, and classification (type) of all traffic participants for the current
and previous 10 time steps*. Furthermore, a high-definition road map that
contains the geometry and topology of the road is also provided. The state
representation is built upon the scene representation of the dataset (see Sec-
tion 3.1) and its specifications. This applies not only to the spatial component
but also to the temporal component. Therefore, the simulated duration of a
simulation time step is 100 ms (10 Hz). This ensures sustainable reusability
and the use of other tool-kits [85, 86, 6]. The choice is made to look exactly

*Common in trajectory prediction and the history length in the INTERACTION dataset
utilized in this work
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like the INTERACTION dataset. This allows consistency from model training
to inference, i.e. application as a behavior controller.

The models calculate a full trajectory (3 s) for each of the assigned traffic par-
ticipants. To enhance simulation performance and the trajectories’ continuity,
trajectory calculation can be skipped for a configurable number of steps n,
enabling actors to follow pre-calculated trajectories for a brief period. In the
simulation sequence in Figure 7.1, this is labeled as following steps. The simu-
lation produces best results when trajectories are calculated every five to ten
steps. Compared to a higher prediction frequency, the predicted trajectories
between consecutive timesteps are more stable and the simulation speed
increases. If too much time elapses between predictions, the models may
not be responsive enough to react to obstacles, for example. These findings
align with those presented by Gulino et al. [200]. After each step, the states
of all actors are consolidated and recorded in the data logger. The data logger
virtually records the history and makes it available for later analysis.

It is important to note that the number of traffic participants in a scene
remains constant throughout the entire scenario. Therefore, no new traffic
participants are added after the seed-scene, unlike some real-life recordings.
Additionally, while vehicles can leave a region of interest, they continue to
be simulated in the simulator.

7.3 Simulation Experiments

In order to gain a general understanding from multiple perspectives and to
examine a variety of outcomes, a number of child-scenarios are simulated.
Afterward, the experiments aim to analyze the criticalities of the traffic
scenes described by the road geometry and encountered traffic participants.
Figure 7.2 illustrates the relationship between the seed-scene and a child-
scenario, and also visualizes the evaluation of the experiments in a schematic
drawing.

The six different behavior models defined in Chapter 6 are used to control
individual traffic participants. Table 7.1 provides a list of specific behavior
models that can be selected for simulation runs. The selected models are
intended to depict the behavioral spectrum of traffic scenarios and actively
trigger reactions from traffic participants. The first five models are based on
the path-following model, where only the acceleration behavior is defined by
the model itself. The path to be followed is determined by the initial position
on a lane and the resulting route (shown in Figure 6.4). The Standard Driver
and Risky Driver models are based on the IDM (refer to Equation (6.9)). The
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Figure 7.2: Schematic illustration of the simulation experiment process. A
seed-scene (⊙) yields to several future scenarios (child-scenarios).
Each child-scenario consists of T̂ consecutive traffic scenes (•),
which are evaluated using a criticality analysis to determine the
criticality extrema ∨/∧. The criticality values of each scene of a
child-scenario are then aggregated into two scores - one by finding
extrema (∨/∧) and the other by calculating the mean values (µ).

standard driver represents a moderate driver. The parameters are inspired by
Treiber et al. [167] but have been slightly modified to better reflect the general
behavior of the trajectories in the dataset. The risky driver accepts smaller
distances to the vehicle in front and is expected to have a higher acceptable
acceleration. The Constant Velocity model maintains the initial speed specified
in the seed-scene. This driving behavior can be compared to a driver who is
briefly distracted and therefore unable to react to their surroundings. The
Emergency Brake model performs an abrupt braking maneuver with a constant
acceleration of −5.0 m

s2 . The Relation-based model represents a learned average
behavior of the dataset, depending on the given traffic situation. It is an
interactive model that includes the relevant dynamic objects in the traffic
scene in the calculation of the behavior. The Hybrid1 model increases the
degrees of freedom by extending it with the steering angle, i.e., the choice of
the followed path. Machine-learning behavior models use nine additional
time steps from the past for initialization in addition to the information in
the seed-scene.

The duration of a child-scenario simulation is 3 s, which equals to T̂ = 30 time
steps. After each simulation run, the seed-scene is reinitialized by randomly
sampled behavior models to generate the next child-scenario. The probability
of assigning the models is uniformly distributed.
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Table 7.1: Models used in the Simulation

Name Parametrization

Standard Driver (6.3) ab = 1.7, T0 = 2.8, dF 0 = 5.0, δ = 4
Risky Driver (6.3) ab = 3.0, T0 = 1.7, dF 0 = 2.0, δ = 4
Constant Velocity (6.3) Follows path with initial speed
Emergency Brake (6.3) Decelerates abruptly at −5.0 m

s2

Relation-based Model (Recurrent10) (6.2) Acceleration imitation model
Hybrid1 Model (6.2) Trajectory imitation model

After the simulation process, each simulated scene in every child-scenario
is evaluated objectively based on criticality using the metrics described in
Section 4.2. Since the criticality values are only compared later in the process
by their distribution but not directly compared in a figure (see Figure 4.2), the
sensitivity adjustment from Equation (4.4) is not applied. The most critical
value for each scene and metric is stored, resulting in a score for each traffic
scene based on the smallest values for Dist, GT, PTTC, and WTTC, and the
largest values for inverse TTC (TTC*) and TQ. In summary, the nanoscopic
metrics are aggregated to determine microscopic scene criticality [133]. To
evaluate a complete scenario, the extrema for all scenes of a child-scenario
are picked. Additionally, to mitigate the impact of outliers, mean values of
all microscopic scene criticalities are summarized. In conclusion, a criticality
value is calculated for each pair of vehicles (for binary metrics) in a scene,
based on the six aforementioned metrics. Subsequently, the extrema are
filtered in order to obtain a criticality value for each metric in each scene,
resulting in six values. This process is repeated for each scene in the child-
scenario, resulting in 6× T̂ values. On the one hand, the extrema of the 6× T̂
values are extracted (≡ 6 values), and an average value is calculated for each
metric (≡ 6 mean values). As a result, each child-scenario is described based
on its criticality with 12 corresponding values (compare Figure 7.2).

The next step is to consolidate these criticality values for each simulation run
and all corresponding child-scenarios. As the values change depending on
the constellation of the simulated behavior models, the resulting criticality
values, considered individually for each criticality metric, are distributed
over a wide spectrum (distribution of criticality values). A Kernel Density
Estimation (KDE) is utilized to display the distribution of criticality values
for all child-scenarios. The KDE enables comparison of continuous value
spaces and smooths the density distribution, providing comparable results
when a number of simulation runs are sampled. A Gaussian kernel with a
bandwidth of 0.1 is used for smoothing on all metrics.
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7.3.1 Sampling Size

In order to investigate the extent to which the extrapolated future (child-
scenarios) can provide a statement about that of a seed-scene, the analysis
begins with an examination of the number of iterations for the subsequent
simulation runs. The number of possible futures increases exponentially as
the number of traffic participants present in the seed-scene increases. This
is denoted by the various assignments of all used models to each vehicle
in the scene. Given an average of 11 traffic participants per scene in the
used dataset and considering 6 different models, the simulation requires on
average of 3.6×108 iterations to cover all possible futures within this configu-
ration. Determining the necessary number of simulation runs to approximate
all possible cases is crucial due to the impracticality of computing such a
magnitude within reasonable time constraints, even only for a few scenes.
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Figure 7.3: Comparison of density functions for different sample sizes in
regard to the characteristic coverage of the distance metric.
(Adapted from [3])

The density functions of the distance metric in a scenario with five traffic
participants (small population) are depicted in Figure 7.3. Simulations are
conducted for every possible combination of models and traffic participants,
resulting in a total of 7776 runs†. Afterward, 1000, 100, and 10 child-scenarios
are randomly selected. A set of n = 385 runs is also chosen based on the
sample size estimation approach [201]. The sample size n is calculated with
a standard confidence level of 95%, resulting in a standard score of z ≈ 1.96.
A margin of error ε of 5% and the population size as unknown is assumed.

†As this is a traffic scene with very few traffic participants, a complete analysis of the
possible child-scenarios is possible.
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a) b)

Figure 7.4: Example seed-scenes used for the evaluation in Figure 7.5. A
scene on a roundabout (a) and a scene on a merging road (b).

The sample size is calculated using Equation (7.1) (assuming a population
proportion of 0.5):

n =
z2 · 0.25
ε2

(7.1)

Upon examining the correspondence of the curves, it is clear that a smaller
sample size leads to a greater deviation in the shape of the density distri-
bution, which is correlated with the representativeness of the sample size.
To optimize computational efficiency, the objective is to choose the smallest
practical sample size. Therefore, all subsequent simulations are conducted
with 385 runs. This enabled the representation of important features and
significantly decreases the computational time.

7.3.2 Scene Criticality Analysis

In this section, the results of the simulation are discussed in the context of crit-
icality and its correlation to the seed-scene. Figure 7.5 shows the smoothed
density distributions of the analyzed metrics for two seed-scenes in blue and
red (all other plots can be found in the Appendix 2). The blue scenario is
taken from a roundabout map (Figure 7.4a), while the red scenario is taken
from a highway entrance (Figure 7.4b) with a merging situation. The ground
truth‡, which displays the actual course of the scenario as recorded in the

‡As for each seed scene, the real sequence as it is actually contained in the recordings
(dataset) is referred to as ground truth
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dataset, is marked by a dashed line. It is noteworthy, that the density distribu-
tions of the criticality distributions rarely correspond to a normal distribution.
Instead, they exhibit distinct characteristics depending on the seed-scene.
It is apparent that the criticality values of the ground truth do not always
accurately reflect those of the seed-scene. For example, criticality metrics
cannot be calculated for the ground truth scenario depicted here, but they can
be computed for some child-scenarios. Some metric results have less than
385 calculated criticality values because they cannot be computed in certain
child-scenarios. GT is not applicable in the merging scenario (red) because it
is a metric for intersection trajectories. In this scenario, only car-following
constellations exist. As shown in Table 4.1, the applicability of various critical-
ity, such as GT, is not given in every scene. With the criticality distributions
shown here, but also with most other distributions, it becomes evident that
the criticality value of the ground truth (recording from the dataset) does not
provide any direct information about the seed scene and how it develops.
Accordingly, the ground truth markings are arbitrarily positioned in the
distribution. This demonstrates the value of resimulation in showing that
small deviations in the behavior of traffic participants can lead to significantly
different scenario outcomes, especially in terms of criticality.

The orange line indicates the suggested criticality threshold for shown metrics
in the literature. Child-scenarios that exceed the criticality threshold are
highlighted. In case of Dist and GT, all child-scenarios on the left side of
the line are critical. For the TQ and the TTC*, all simulations on the right
are critical. The following thresholds are used: Dist 5 m, GT 0.5 s [142], TQ
1.2 (derived from evaluations in [10]), TTC 1.5 s (TTC* ≡ 0.6671

s ) [136]. At
this point the Criticality Potential (CP) is introduced. The CP of a scene
can therefore be defined using the integral of the density distribution (see
Definition 4), where either only the definition range below or above the
threshold is taken into account, depending on the metric (see highlighted
areas in Figure 7.5).

With respect to Dist metric, the red seed-scene leads to more critical child-
scenarios than the blue one. However, this can be explained by typical
shortcomings in the Dist metric. Drivers often travel side by side in different
lanes during merging. This results in small distances and therefore high
criticality. Typically, human drivers do not consider this to be a critical
situation. The TTC* (mean) metric for the red curve also shows a more
critical scene than the blue curve. Again, this is because TTC* can only be
calculated for car-following constellations, and the red seed-scene mainly
consists of car-following combinations. By examining the TQ, it is noticeable
that the red seed-scene has more child-scenarios above the threshold. On the
other hand, the blue scene has some critical scenes with very high TQ-values.
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Figure 7.5: The blue (Figure 7.4a) and red (Figure 7.4b) plots show the dis-
tribution of criticality for all child-scenarios. The dashed lines
mark the measured worst cases in the real situation respectively.
If there is no dashed line, the metric can not be calculated for this
seed-scene. GT can not be calculated for the red scenario.

Definition 4. The Criticality Potential (CP) of a seed-scene is the per-
centage of simulated child-scenarios which exceed a given criticality
criterion.

Nevertheless, the criticality values are not further weighted in terms of CP,
but only in terms of their position relative to the threshold.

Appendix 5 discusses the influence of a behavior model trained exclusively
on critical scenarios on the evaluation of the seed scene, thus providing an
indication of the general informative value of the criticality distribution.

7.4 Test-Space Analysis

In this section, the result of the clustering procedure is combined with that
of the resimulation. The clusters and the test space are examined with
regard to the criticality potentials of the individual traffic scenarios. Since the
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embedding space is 12-dimensional, the Uniform Manifold Approximation
and Projection (UMAP) method is used to reduce the high-dimensional space
to a 2D space. It should be noted that the spatial mapping of UMAP is not
deterministic. In particular, the global topology of the embedding space
cannot necessarily be mapped accurately. Although the UMAP method has
advantages over the t-distributed Stochastic Neighbor Embedding (t-SNE)
method in this respect, it is not perfect. Therefore, although local clusters
can be assigned a deeper meaning, the global form of the mapped space
is not necessarily significant. However, since the focus of the subsequent
analysis is primarily on the local clusters, the disadvantages of the UMAP
are negligible§.

Figure 7.6 shows four scatter plots of the test space. Each point represents a
traffic scene selected at random from a total of 3636 scenes (holdout set from
clustering in Chapter 5), each of which is sampled with equal probability,
and the color indicates the CP of the scene with respect to one of the four
metrics shown as examples (Dist, TQ, GT, TTC*). Larger illustrations of the
clusters can be found in Appendix 1.

In general, it can be observed, that the coverage in the test space, or the
specificity, is high. Traffic scenes with a high CP are found almost uniformly
throughout the entire space.

The data points can now be grouped according to their position in the UMAP-
space using a hierarchical clustering method (see Chapter 5). To evaluate
each cluster, the criticality potentials of all 12 criticality metrics are calculated
for all child-scenarios. The average of all CPs of the metrics of all scenes
within a cluster is then determined. These averages are presented in Table A.1
for the 32 clusters found within the scene space. In addition, the overall value
of a cluster is shown, which summarizes the average of all CPs of a cluster.

Looking at the universal metrics (Dist, TQ, WTTC) in Table A.1, one notices
a common trend that the CPs of these metrics correlate with each other.
Furthermore, as expected, the CPs of the intersection-focused metrics (GT
and PET) are highly correlated. Cluster 15 (cluster centroid at approx. [10.9,
6.3] in Figure 7.6) is interesting, where all CPs except PTTC are maximum,
where on average 41.9% of the child-scenarios are critical. Figure 7.7a shows
example scenes of this cluster. In particular, this cluster contains scenes with
many traffic participants. As a result, the traffic density is generally higher
on average than in other scenes with fewer traffic participants. This increases
the Dist value and the TQ. At the same time, the probability that one of
the traffic participants exceeds a threshold is increased. This is due to the

§The 2D-shape of the local clusters may differ, but the data points they contain rarely
fluctuate
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fact that, when determining macroscopic criticality, the maximum value of a
scene, and ultimately the scenario, is always selected. However, this cluster
also contains more traffic situations that can potentially lead to a collision.
In the first scene, a vehicle is turning left, but the distance to the crossing
vehicle, which is traveling at a relatively high speed, is small. A similar
situation can be observed in the second scene. The vehicles have a relatively
high speed, but the lateral and longitudinal distances to the neighboring
vehicles are very small when merging. The third scene shows a shortcoming
in the simulation. This scene is considered very critical. This is due to the fact
that many accidents occur between the two upper vehicles, i.e. the vehicle
on the upper entrance to the roundabout and the parked vehicle. Parked
vehicles, especially those parked outside the road, are comparatively rare
in the dataset. The simulation does not consider the vehicle outside the
lane as parking and which should not be moved. However, motion models
are applied so that the vehicle attempts to get back into the lane. A similar
phenomenon occurs with the vehicles at the bottom right, but the parked
vehicle is still within the lane boundary and can be better controlled by the
motion models. Here it becomes clear that the underlying simulation focuses
on traffic participants road bound and can simulate traffic participants that
are off the road with low reconstruction quality.

Three scenes from Cluster 6 (cluster centroid at approx. [18.6, -6.6] in Fig-
ure 7.6) are shown in Figure 7.7b. As with the aforementioned cluster, this
cluster also exhibits markedly high CP values, yet it is populated by a sig-
nificantly smaller number of traffic participants. The roundabout (OF) is
particularly well represented in this cluster. The critical situations that occur
at this location are primarily associated with vehicles that are just entering
the roundabout. In many cases, the right of way is taken or the distance to
the intersecting vehicle is small.

The traffic scenes shown in Figure 7.7c are taken from Cluster 4. This cluster
(cluster centroid at approx. [-0.2, 2.7] in Figure 7.6) has the lowest values for
all metrics and the overall CP. When examining the scenes, it is noticeable
that scenes with low traffic density and few traffic participants prevail. Fur-
thermore, most of the traffic participants have a low initial velocity. In the
clusters shown in Figure 7.7, the connection between the CP and the initial
traffic scene is apparent, and semantic similarities between the scenes within
each cluster can be recognized. This becomes more difficult when a random
cluster is in the mid-range of criticality. In this case, it is difficult for a human
to find clear similarities. As stated by Hauer et al. [51] this is a foreseeable
behavior of automated clustering.

This inconsistency of individual clusters can also be seen in the variance of
the CPs within such a cluster. There are individual data points (seed-scenes)
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that have a particularly high CP, while scenes in the immediate neighborhood
are barely remarkable in terms of CP.

In summary, clusters that are at the ends of the CP spectrum, with very high
or very low CP values, also have this property for most of the seed-scenes in
the corresponding clusters. However, there are also clusters where this is not
the case, and the average CP of a cluster is not representative of many scenes
within that cluster.

7.5 Summary

This chapter describes the resimulation of traffic scenes and illustrates how
this can be utilized to make a general assertion about the initialization of
a traffic scene in the context of testing HADFs. Through the execution of
numerous simulation runs with varying permutations of driving behavior, a
profile of a traffic scene is created. This profile can be employed to identify
potentially critical traffic scenes. The combination of this information about
the CPwith the clusters presented in Chapter 5 allows for the identification
of groups of scenarios that may be particularly relevant for testing an aspect
of a HADF.

The results presented here conclude the methodology of creating a test
pipeline by integrating the previously presented results and artifacts, includ-
ing clustering, criticality analysis, and the application of behavior models.
This integration provides a final statement on the initialization of a processed
scene in the context of relevance for testing.
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Figure 7.6: Four embedding spaces, each colored according to the respective
criticality metrics (Dist, TQ, GT, TTC*), have been reduced to two
dimensions. A seed-scene represents a data point, with the color
(0 ... 100) of the point indicating the CP.
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a)

b)

c)

Figure 7.7: Illustration of three exemplary traffic scenes for a cluster with low
CP (c), with high CP (a, b)
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8 Conclusion and Outlook

This chapter summarizes this work and highlights key contributions. The
contents are put into context of the research questions. Furthermore, the
applicability of the results is analyzed, and the resulting suggestions for
further research are discussed.

8.1 Summary and Contribution

For the widespread introduction of highly automated driving in public trans-
port, the verification and validation of such systems is a crucial prerequisite.
Road traffic is an interactive environment in which the actions of traffic
participants have a significant impact on other traffic participants and their
decisions. This can be observed particularly in the trajectories of individual
traffic participants. Accordingly, closed-loop scenarios are of great impor-
tance for testing, in which all traffic participants react to an unknown System
under Test and adapt their own trajectories accordingly. In addition, the sce-
narios and framework must satisfy a number of further criteria. Firstly, the
scenarios must exhibit high fidelity and closely mirror real-world situations.
Secondly, only the most relevant scenarios are to be tested in order to ensure
the most efficient use of testing resources. Moreover, not only is a single
system test to be conducted efficiently, but the entire framework needs be
applicable to a wide variety of SuTs in order to ensure transferability and to
avoid the development of new test frameworks for each system. This leads
to the central research question (Research goal 1):

What does a pipeline look like that generates test scenarios for the Highly
Automated Driving Function under test as a black box ?

This represents the central research question, which is addressed by the
individual submodules throughout the entirety of the work laid out in this
thesis. To this end, this thesis presents a framework that facilitates the
identification of important scenarios for testing Highly Automated Driving
Function. The initial condition, more specifically, an initial scene that can be
used for a subsequent test, is grouped and evaluated for its criticality. The
individual aspects of this overarching research objective are divided into four
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more specific parts, with each part of the thesis contributing to the overall
result by answering smaller sub-research questions.

The first part of this thesis addresses the scene description, which serves as
the interface for incoming data for this framework. It considers the following
research question (Research goal 2):

How can traffic scenes be described independently of the underlying
road geometry?

A traffic scene is an abstract concept and can represent various aspects of
traffic. In the course of this first part, relevant attributes and important
properties of a traffic scene are identified, which play a particularly important
role in the context of dynamics and future behavior. To answer this question,
the Semantic Scene Graph (SSG) is introduced, which represents a central
contribution. The SSG reduces a traffic scene to the traffic participants it
contains. In the course of this, a graph model is derived that maps the
relations between the traffic participants based on their relative position
within the road topology. With additional attributes that specify the relations,
this description model is able to define scene constellations and make traffic
scenes comparable regardless of the respective road geometry.

The second part of the work builds on the scene description of the first
part and automatically assigns similar traffic scenes to clusters. Due to the
huge amount of available data, i.e. recorded traffic scenes, an automatic
approach for grouping is necessary for a comprehensive analysis. This leads
to Research goal 3.

How to automatically cluster traffic scenes in a data-driven manner in
terms of their similarity?

Here, the challenge of determining the similarity of traffic scenes is solved
by a self-supervised contrastive approach. Geometric augmentations are
performed on a traffic scene. The resulting deviations in the graph description
are used to position similar samples close together in the embedding space.
Within the embedding space structured in this way, clusters of similar traffic
scenes are formed by focusing on their vehicle constellation.

The next two research objectives are closely linked. The structured scene
space created by clustering contains a collection of scenes. In order to make
testing efficient later on, these must be further enriched with key parameters.
This leads to the next research question (Research goal 4):

How can a traffic scene be evaluated in a generalizable way to indicate
its relevance to the test of a Highly Automated Driving Function?

114



8.2 Discussion

In the last part of the thesis, an extensive analysis of the initial conditions of
traffic scenes (so called seed-scenes) is therefore carried out. Based on many
simulation runs with different behavior models, many possible futures that
can arise from the initial condition are generated. An important challenge
here are the behavior models of the traffic participants (Research goal 5).

How does the behavior of dynamic traffic participants have to be defined
in the simulation to accurately represent the scenarios for testing?

In the section on behavior modeling, two approaches to trajectory prediction
based on imitation learning are presented. Both models are based on the
graphical scene description from the first part of the thesis, which allows
explicit interactions between traffic participants to be fed into the model. Due
to the real data-driven approach, both models are able to generate realistic
trajectories and corresponding high fidelity in the context of the respective
traffic situation. In order to evaluate the various simulated child-scenarios re-
sulting from the different combinations of behavior models, criticality metrics
are utilized. Six distinct metrics and two aggregation functions are employed,
wherein each scenario is characterized by 12 unique scalars. The various
metrics provide a comprehensive overview of the different aspects of the
respective simulated scenario. A subsequent analysis of the distribution of
all resulting simulation runs of a seed-scenes offers insight into its poten-
tial for a critical situation to arise. Through these generic criticality metrics
and a large number of simulation runs with different behaviors, the traffic
scenes are evaluated as independently as possible. This can improve the
transferability of this method for a wide range of Highly Automated Driving
Functions. The information about criticality is integrated with the clusters
created in the second part, resulting in clusters of similar traffic scenes that
are, for example, particularly critical, particularly uncritical, or that highlight
a particular aspect of a scene.

8.2 Discussion

All-encompassing representation of reality
In general, each model covers only a specific part that is particularly im-
portant for the problem under consideration, and cannot represent reality
in its entirety. This is an important limitation that becomes relevant when
describing the scenes using the SSG model. Since the SSG is designed in
such a way that road geometries are intentionally abstracted, irregularities
can no longer be depicted in this context. An example of this is be a traffic
participant acting outside the regular road. This problem can be extended to
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the behavior of traffic participants who do not follow the rules of the road.
For example, a prohibited U-turn is not considered as a possibility for a
relation within the graph. Although a temporal analysis of the SSG of such a
scenario would provide information about a rule violation due to an abrupt
change of relations, this is not taken into account for a potential future in
a static scene. This challenge of comprehensive coverage, or all so-called
long-tail events, can also be seen in the modeling of behavior. Particularly
in the case of learned behavior models, it can be observed that they imitate
existing movement sequences in the context of already seen situations, as
specified by the training paradigm. Atypical behavior can be caused to a
certain extent by parameterization, but only covers a small part of possible
dynamic anomalies. Furthermore, the resimulation is limited to six different
types of behavior, mainly for runtime reasons. This covers a broad spectrum
of behaviors, but clearly not all behaviors that occur in reality. The present
study focuses primarily on providing an initial estimation of traffic scenes.
A more in-depth analysis that takes more long-tail events into account falls
outside the scope of this work and can be considered as a follow-up step (see
Section 8.3).

Similarity of traffic scenes
Comparing and classifying traffic scenes or traffic scenarios remains a chal-
lenge. One problem here is the lack of a metric that allows a full statement to
be made about the similarity of two traffic scenes or traffic scenarios. Most
related works attempt to relate time series of directly measurable attributes,
such as trajectories, to each other. Although the dynamics of traffic partici-
pants is a key feature, the independent consideration of individual trajectories
hardly takes into account highly interactive traffic situations and the resulting
interaction in the metric. A scenario catalog or a manually labeled benchmark
is only partially able to solve this problem. Although individual scenarios
can be precisely defined in this way, these approaches quickly reach their
limits in traffic scenes with many traffic participants. An atomic approach,
i.e. considering each situation of individual traffic participants separately,
can provide a workaround here. However, there is a risk that this distorts
the overall impression of the scene or scenario. The approach presented
in this work attempts to circumvent this problem by mapping individual
relationships and then aggregating them using a learned procedure. As a
result, attributes are also mapped across the entire scene. The problem that
arises here is traceability. Because the neural network architecture is a kind
of black box, it is not always clear, why some scenes have been merged into a
cluster. This aspect of grouping, which is not monitored by humans, makes
it difficult for humans to understand the groups or put them into words,
but a semantic description of the clusters is not necessarily required for later
testing in order to be able to use them.

116



8.3 Outlook

8.3 Outlook

This dissertation describes a framework for the classification and the generic
evaluation of traffic scenes. This framework can be used for the automatic
grouping of recordings. The behavior models used in the resimulation repre-
sent a wide range of behaviors, but extreme corner cases are not explicitly
evoked. This is where methods, that specialize in finding extreme situations,
can come into play. For example, the traffic scenes identified in this work
can be used as a starting point for scenario exploration methods. Within the
scenario exploration approach, the time course of all traffic participants can
then be varied until the most critical situations possible arise for a selected
ego-vehicle. In the exploration approach, a driving function is used as the
SuT, whereby the behavior of all actors can be specifically optimized for it.

One challenge of the approach shown in this dissertation is its real-time
applicability. An important part of this framework is the simulation, which
requires a significant amount of time. A follow-up approach can use the
criticality potential generated in this thesis as a label for a machine-learned
approach for direct classification. This end-to-end learned framework can be
used to implement a very time-efficient evaluation of a traffic scene. How-
ever, a particular focus would have to be on the comprehensibility and
parameterization of the machine learning processes.
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Figure A.1: 2D-reduced scene embedding space (cf. Section 7.4): A seed-
scene represents a data point, with the color (0 ... 100) of the point
indicating the CP for Dist.
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Figure A.2: 2D-reduced scene embedding space (cf. Section 7.4): A seed-
scene represents a data point, with the color (0 ... 100) of the point
indicating the CP for TQ.
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Figure A.3: 2D-reduced scene embedding space (cf. Section 7.4): A seed-
scene represents a data point, with the color (0 ... 100) of the point
indicating the CP for GT.
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Figure A.4: 2D-reduced scene embedding space (cf. Section 7.4): A seed-
scene represents a data point, with the color (0 ... 100) of the point
indicating the CP for PET.
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Figure A.5: 2D-reduced scene embedding space (cf. Section 7.4): A seed-
scene represents a data point, with the color (0 ... 100) of the point
indicating the CP for PTTC.
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Figure A.6: 2D-reduced scene embedding space (cf. Section 7.4): A seed-
scene represents a data point, with the color (0 ... 100) of the point
indicating the CP for TTC.
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Figure A.7: 2D-reduced scene embedding space (cf. Section 7.4): A seed-
scene represents a data point, with the color (0 ... 100) of the point
indicating the CP for WTTC.
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2 Criticality Characteristics
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Figure A.8: The blue and red colors indicate the distribution of criticality for
all child-simulations of two seed-scenes depicted in Figure 7.4.
The dashed lines marking the measured worst cases in the real
situation respectively.
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Figure A.9: The blue and red colors indicate the distribution of criticality for
all child-simulations of two seed-scenes depicted in Figure 7.4.
The dashed lines marking the measured worst cases in the real
situation respectively.
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3 Criticality Potential for Clusters

Cluster CP Dist CP GT CP PET CP PTTC CP TQ CP TTC CP WTTC overall CP variance

15 69.45 10 3.79 46.88 93.38 70.42 91.13 41.96 244
28 53.57 0.99 0.32 13.76 99.39 44.08 90.81 38.13 216
0 43.97 3.12 0.72 12.31 97.47 47.44 94.33 37.51 301
6 43.83 1.31 0.25 13.66 98.58 47.87 88.12 36.5 239
30 60.44 12.66 5.66 48.23 80.84 68.45 69.14 35.4 521
10 39.15 1.96 0.49 8.7 97.59 38.34 82.35 32.94 327
11 40.83 2.38 0.73 13.79 93.62 43.41 88.29 31.98 274
5 36.33 1.87 0.26 6.81 95.09 34.57 93.01 31.87 247
16 35.28 1.23 0.29 8.1 94.41 43.4 81.64 30.57 311
14 36.51 2.19 0.51 6.55 88.23 30.07 85.15 27.86 371
3 44.78 4.19 1.55 24.65 81.28 51.03 77.13 27.48 333
8 33.43 1.36 0.44 10.19 90.44 36.62 77.05 27.08 311
18 26.42 1.36 0.35 7.99 90.71 29.58 90.72 26.76 146
21 24.65 0.74 0.14 6.43 91.03 28.06 78.52 24.9 267
23 34.7 1.97 0.19 5.79 82.78 23.24 82.89 24.63 340
24 31.71 1.99 1.15 7.11 78.44 30.74 80.37 23.93 415
2 23.59 1.73 0.51 5.68 76.17 23.6 70.18 20.79 401
1 32.29 3.08 1.35 15.52 67.31 34.62 63.54 20.2 408
7 29.16 1.54 0.68 8.56 74.41 27.39 66.29 20.14 361
19 34.54 5.23 2.61 24.42 54.53 41.62 48.98 19.59 502
12 18.03 1.15 0.16 3.63 69.34 15.83 63.61 16.02 348
13 27.36 4.66 2.22 17.77 43.1 32.35 44.56 15.12 375
9 19.33 1.04 0.3 4.45 56.73 15.99 52.91 15.02 509
27 19.44 0.91 0.16 4.86 53.22 13.8 54.39 13.73 404
20 19 2.45 0.78 9.3 43.64 20.89 51.58 13.22 451
29 9.92 0.65 0.08 3.39 49.4 8.98 53.55 12.39 417
31 11.19 2.4 0.65 5.78 34.16 13.17 32.93 9.2 339
22 15.53 2.22 1.14 8.64 23.81 19.73 22.46 8.01 187
17 15.55 2.65 1.28 8.5 24.18 16.63 15.72 7.62 218
26 6.61 0.65 0.45 2.03 26.54 5.33 28.63 6.23 284
25 10.42 2.66 1.54 5.37 16.84 12.37 21.5 6.19 199
4 8.5 0.78 0.2 3.38 20.7 9.07 19.39 5.38 224

Table A.1: Evaluation of the different clusters from the test space reduced
to 2D in Figure 7.6. The CP values of each scene for each metric
are averaged over the entire cluster. The clusters are ordered
according to the overall CP
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4 Simulation Time Analysis

4 Simulation Time Analysis

This section provides a brief overview of the simulation times with the
individual behavior models. Figure A.10 shows the various modules and
behavior models used in the simulation. The preparation of the seed-scene
includes all loading cycles of trajectory histories and preparation steps, such
as the deterministic permutation of the behavior models to simulate a seed
scene. However, this step only needs to be carried out once for each seed
scene. The preparation and re-initialization of all driver models and the
preparation of the logger for each child-scenario (Prep. of child-scenario) is
repeated. The driver models are sometimes executed several times within a
simulation step and several runs in a child-scenario as a result. Particularly
noteworthy is the hybrid model, which requires an average of 150 ms for each
prediction of a trajectory. The graph model (Relation-based model) creates a
joint prediction, whereby all vehicles in the scene are predicted, which means
that the number of vehicles actually to be predicted is insignificant. Assuming
an average of 11 traffic participants in a scene, the simulator requires an
average of around 389 ms for a prediction step if all models are assigned
equally. Depending on which models were selected for a child scenario, this
can take from 50 ms for simple models to up to 9 s for exclusively hybrid
models. It can be clearly seen here that the inference of the ML models forms
a clear bottleneck in the simulation chain.

The tests were carried out on a system with an Intel(R) Core(TM) i7-7800X
CPU @ 3.50GHz and a GeForce GTX 1080 Ti GPU
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Figure A.10: Execution time analysis of different modules of the simulation
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5 Fine-Tuning Driver Behaviors on Critical
Scenarios

The criticality metrics applied to the scene space in Chapter 5 and Chapter 7
lead to an evaluation of traffic scenes based on their criticality. These findings
can be used to selectively train the imitation learning models presented in
Chapter 6. This chapter examines the effects of a behavior model trained on
specifically critical traffic scenarios on the evaluation seed-scenes.

The Hybrid-model is employed in the training process. The model is pre-
trained in accordance with the methodology outlined in Section 6.2.1, uti-
lizing a large training dataset comprising a heterogeneous set of random
scenarios. The training process is terminated after 15 epochs. In the second
step, the model is fine-tuned using only critical scenarios. The most critical
150 scenes, as indicated by their average CP value, were identified from
the scene space depicted in Figure 7.6. Due to the inherent limitations of
CP as a metric for assessing the criticality of individual traffic participants
and the potential for criticality to shift within a given scenario based on the
behavior model, all traffic participants present in the selected critical scenes
were utilized as input for the fine-tuning process. This resulted in a total of
1438 training samples. In addition, a reference model is retrained on random,
not exclusively critical scenarios.

In the next step, the methodology from Section 7.2 is applied with the model
fine-tuned to the critical scenes and the reference model. Only the Hybrid1
model from Table 7.1 is replaced by the fine-tuned models, all other behavior
models remain and are utilized in the simulation of the child-scenarios.

In the evaluation of the simulation results, it is ensured that the seed-scenes
that were extrapolated were not included in the training dataset for fine-
tuning. Figure A.11 depicts a seed-scene with three exemplary metrics. The
blue curve represents the criticality distribution of a seed scene in which one
of the models is explicitly fine-tuned to critical scenes. The red curve illus-
trates the criticality distribution of the simulated child-scenarios of the same
seed-scene with the reference model. It can be seen that the frequency of crit-
ical child-scenarios is generally higher with the fine-tuned model compared
to the reference model (Dist: shift to the left, TQ: shift to the right, TTC*: shift
to the right). This tendency can also be seen in the CP changes in Appendix 5.
The CP values for intersection-specific metrics such as GT and PET have not
increased at all or only slightly. However, a positive trend can be seen for
all other metrics. For example, the CP value of the Dist metric increased by
3.81. The collisions in the child scenarios were also examined as part of the
analysis. For the reference model, 5633 collisions were identified, while the
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Metric name CP change

DistanceSimple +3.81
DistanceSimple_mean +3.09
GapTime +0.34
GapTime_mean +0.17
PET +0.01
PET_mean +0.0
PTTC +2.71
PTTC_mean +1.64
TQ +1.64
TQ_mean +0.99
WTTC +2.2
WTTC_mean +1.84
TTC +3.68
TTC_mean +2.97

Table A.2: Average CP change over the test dataset

simulation run with the refined model yielded 5791 collisions. Accordingly,
the collision frequency is observed to increase by 2.8%.

The model fine-tuned to critical scenarios generates more critical scenarios.
This can be due to the fact that situations with higher criticality were very
strongly represented in the training samples. The distances were decreased,
and relative speeds were presumably increased compared to the average
behavior. As a result, this model has learned to behave in such a way as to
take less of a safe distance. This analysis demonstrates that a single behavior
has a large impact on the resulting scenario. However, it also shows that
the composition of the behavior models used in the simulation has a strong
influence on the criticality distribution.
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Figure A.11: Comparison of the criticality distribution of three exemplary
metrics (Dist, TQ, TTC*) of one seed-scene between the fine-
tuned model (blue) and the reference (red)
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