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Abstract

The large-scale introduction of automated vehicles (AVs) on public roads is an ambitious
and challenging goal. This technology aims to significantly contribute to increased traffic
safety and comfort, while also serving as the foundation for further innovative mobility
concepts. But, one of the biggest challenges in introducing such systems is ensuring their
compliance with regulatory requirements, since it is essential that these systems function
correctly and safe. This is particularly demanding for higher-level automated vehicles,
which must navigate public roads safely without a human fallback option.
Within the framework of homologation of automated vehicles, an approach has been

established where the driving function or the automated vehicle is tested in specific sce-
narios. However, the availability of an extensive dataset with diverse scenarios is a critical
prerequisite. Theses scenarios can be defined based on different data sources. Onemethod
for collecting and evaluating scenarios involves using real traffic data. Such data is highly
valuable as it realistically reflects the behavior of human road users and also includes atyp-
ical behavior or even critical conflicts between participants.
For collecting real trafficdata variousmethods are available, eachwithdifferent strengths

andweaknesses. Onemethod is infrastructure-based traffic data collection using road side
units, which main advantage is capturing traffic events comprehensively and over an ex-
tended period. This allows for the continuous and simultaneous capture of multiple road
users and their interactions. Consequently, this method enables a detailed description
of scenarios and the identification of rare phenomena, which are particularly important
for validating driving functions. However, this continuous stream of traffic data must be
systematically processed to create a comprehensive collection of scenarios.
This thesis presents a methodology for representing traffic data collected in the real

world based on scenarios and their systematic identification from real-world traffic data.
A hierarchical data model is used for this purpose, which semantically describes traffic
data at four different levels of abstraction. Various approaches to defining and identifying
phenomena at those abstraction levels using real traffic data are presented. Furthermore,
a modular platform is introduced that integrates these different methods to continuously
identify and analyze scenarios in real traffic data and various environments.
The procedures and methods presented in this work are individually evaluated using

real-world problems. Their integration through the modular platform demonstrates the
suitability of the proposed approaches for identifying and analyzing scenarios in differ-
ent environments and for various research questions. Overall, the results show that the
proposedmethodology enable the systematic identification and representation of scenar-
ios from real-world traffic data contributing to building a large-scale knowledge base of
scenarios.
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Zusammenfassung

Die Einführung von automatisierten Fahrzeugen (AVs) auf öffentlichen Straßen ist ein
anspruchsvolles und herausforderndes Ziel. Die Technologie soll einen wesentlichen Bei-
trag dazu leisten, die Verkehrssicherheit zu verbessern und den Fahrtkomfort zu erhöhen.
Auch soll sie als Grundlage für innovative Mobilitätskonzepte dienen. Allerdings ist eine
der größten Herausforderungen für die Einführung von AVs, sicherzustellen, dass diese
konformmit den lokalen regulatorischen Richtlinien sind, da gewährleistet werden muss,
dass die Systeme in den vorgegebenen Umgebungen sicher und zuverlässig funktionieren.
Dies ist insbesondere bei höher automatisierten Fahrzeugen der Fall, da diese auf öffentli-
chen Straßen sicher operieren müssen — auch ohne eine menschliche Rückfallebene.
Im Rahmen der Homologation von automatisierten Fahrzeugen hat sich ein Ansatz eta-

bliert, bei dem die Fahrfunktion oder das automatisierte Fahrzeug in bestimmten Szena-
rien getestet wird. Jedoch ist hierfür ein umfangreicher Datensatz mit diversen Szenarien
essenziell. Diese Szenarien können aus verschiedenstenDatenquellen stammen. EineMög-
lichkeit zur Erhebung und Auswertung von Szenarien besteht in der Verwendung realer
Verkehrsdaten. Ein großer Vorteil dieser Variante ist, dass das Verhalten von menschli-
chen Verkehrsteilnehmenden realitätsnah abgebildet wird, somit auch atypisches Verhal-
ten, das ggf. zu kritischen Konflikten führen kann.
Für die Erhebung von realen Verkehrsdaten stehen verschiedene Methoden zur Ver-

fügung, wie bspw. infrastrukturell mittels sogenannter Roadside Units. Der Vorteil dieser
Methode ist es, dass das Verkehrsgeschehen umfassend, langfristig und kontinuierlich er-
fasst werden kann. Sie erlaubt somit eine detaillierte Beschreibung von Szenarien sowie
die Identifikation seltener Phänomene. Allerdings muss dieser Datenstrom systematisch
prozessiert werden, um einen umfangreichen Katalog von Szenarien aufzubauen.
Die vorliegende Arbeit präsentiert eineMethodik zur Darstellung von Szenarien und de-

ren systematischen Extraktion aus real erhobenenVerkehrsdaten. Hierfürwird ein hierar-
chisches Datenmodell eingesetzt, welches Verkehrsdaten auf vier verschiedenen Abstrak-
tionsebenen semantisch beschreibt. Es werden unterschiedliche Ansätze zur Definition
und Identifikation von Phänomenen auf diesen Ebenen vorgeschlagen. Zudem wird eine
modulare Plattform vorgestellt, die diese Methoden integriert, um kontinuierlich Szena-
rien in realen Verkehrsdaten unter verschiedenen Umgebungen zu identifizieren.
Die vorgestellten Verfahren und Methoden werden jeweils separat anhand realer Pro-

bleme evaluiert. Ihre Integration durch die modulare Plattform zeigt die Eignung der An-
sätze zur Identifikation undAnalyse von Szenarien in unterschiedlichenUmgebungen und
für verschiedene Fragestellungen. Insgesamt zeigen die Ergebnisse, dass die vorgeschla-
genen Methodiken es erlauben, infrastrukturell erhobene Verkehrsdaten systematisch in
Szenarien zu überführen und somit einen Beitrag für den Aufbau einer umfassendenWis-
sensbasis von Szenarien aus realen Verkehrsdaten liefert.
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Chapter 1

Introduction

Mobility is a fundamental human need, symbolizing freedom and independence. It
facilitates participation in social activities by establishing connections betweenvar-

ious central areas of life. [1] In urban areas, the landscape ofmobility has evolved in recent
years, offering diverse options for individual transport beyond traditional car use andnon-
motorized travel like cycling and walking. These alternatives include public transporta-
tion, car-sharing services, and electric scooters that are readily accessible in larger urban
areas.
While mobility grants freedom, it is challenged by the climate crisis. The transporta-

tion sector is a significant contributor to greenhouse gas emissions, necessitating urgent
reductions to mitigate environmental impact. [2] In 2023, the transportation sector is
responsible for 22% of the total greenhouse gas emissions in Germany and is predicted
to overshoot the sector’s total cumulative emission until 2030 as defined in the German
Federal Climate Change Act. [3] One promising approach to achieving the agreement on
greenhouse gas emissions is the introduction of electric vehicles (EVs). The technology
behind EVs has been under development and testing for many decades, offering the ad-
vantages of reducing global and local emissions. [4]
Another technology that represents amajor advance in the field ofmobility is the emer-

gence of automated vehicles (AVs). The journey towards automated driving began with
Bertha Benz’s historic drive in August 1888, and future’s connected automated vehicle
(AV) technology may open new avenues for mobility concepts. Specifically, it holds the
potential to provide better mobility for “underserved individuals such as the elderly popula-
tion and people with disabilities” [5], and to significantly lower greenhouse gas emissions of
the transportation sector due to increased fuel economy [6] and positive impacts on traf-
fic flow [7]. Moreover, and not less important, it contributes to the Vision Zero initiative,
which aims to eliminate traffic fatalities and severe injuries. Over the past decades, driver
assistance systems have substantially reduced accident-related fatalities, yet both urban
and rural areas continue to witness accidents, some with fatal outcomes.

1.1 Problem definition

However, AV technology faces numerous regulatory and technological challenges. Key is-
sues include determining liability in the event of system failures [8] and addressing ethical
dilemmas [9], such as decision-making during unavoidable accidents. Ensuring that AVs
can reliably perform automated functions without having a human driver as backup is
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a complex task, necessitating sophisticated solutions to handle real-world scenarios. AVs
must independentlymanage tasks such as route planning, maneuver execution (e.g., turn-
ing at intersections), and decision-making based on real-time environmental analysis —
everything in compliance with local regulations and in an open environment. For these
tasks, an AV need to accurately perceive their surroundings and predict the behavior of
other road users, especially in future mixed-traffic conditions involving both automated
and human-driven vehicles.

1.1.1 Safety validation of automated vehicles

Before AVs can be deployed on public roads at scale, several challengesmust be addressed.
Chief among these is the development of advanced driving functions that operate suffi-
ciently safe and in compliance with local regulations and laws. [10] Specifically, AVs must
not only meet regulatory standards, but also demonstrate safety within their defined op-
erational environments, known as Operational Design Domain (ODD). These domains are
specified by manufacturers and delineate the conditions under which an AV can operate
safely. [11] Ensuring that AVs behave safely within the ODD is paramount, as these vehi-
cles are expected to navigate the complexities of the real-world with a level of safety that
matches or exceeds human driving capabilities. The safety assurance of these systems
must be rigorously validated both during development and before deployment.
Traditional distance-based safety verificationmethods, which rely on accumulating vast

amounts of mileage with a Vehicle under Test (VuT) to statistically prove safety, face sig-
nificant limitations, especially with driving functions of higher automation level. The pri-
mary challenge with this approach is the rarity of traffic accidents or critical encounters.
This infrequency, as illustrated by the severity pyramid (see Figure 1.1) presented by Hy-
dén et al. [12] in 1984, highlights the disproportionate relationship between the severity
of events and their frequency in real-world traffic. For instance, traffic accidents, par-
ticularly those resulting in fatalities, are among the rarest events but have the highest
severity. Wachenfeld et al. [13] underscores this point with the example of a highway pilot
system, demonstrating thatmultiple hundreds ofmillion kilometers of driving data would
be required to statistically prove safety in Germany, which is economically not feasible.
The world around us is inherently chaotic. Even with the most sophisticated meth-

ods for the safety argumentation of AVs, there will always be a chance that the AV will
encounter an unforeseeable situation, and may be unable to prevent an accident. This
is at first due to the fact that there is no generic situation that leads to an accident and
with which the AV can be extensively tested. Sometimes it is due to the chaotic world in
which we live that bad things happen. Lin [9] provides an illustrative example of this phe-
nomenon with respect to animals, in particular of deer, crossing the street. An AV may
be capable of rapidly interpreting the situation and devising countermeasures to avert a
critical incident in a multitude of circumstances. However, this may not be the case in all
instances. This example also raises ethical questions pertaining to the intended behavior
of AVs to handle such situations. Lin [9] further illustrates this with another scenario with
humans involved. In this scenarios, an AVmust choose between “either swerve left and strike
an eight-year old girl, or swerve right and strike an 80-year old grandmother” [9]. Although this
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1.1 Problem definition

Figure 1.1: The safety pyramid by Laureshyn et al. [14] based on Hydén et al. [12] to
categorize events for interactions between road users according to their degree of
severity.

is a terrible choice to make, and even if this is a rare case, an AV may have to make that
choice, while the underlying behavior must be implemented and signed-off by humans.
[9]

1.1.2 Scenario-based testing of automated vehicles

Two pivotal questions thatmust be answered by the society, automakers and governments
when it comes to the safety argumentation of AVs are thus „How safe is safe enough?“ [13]
and „How certain are we that AVs are safe?“ [15]. Wachenfeld et al. propose two goals for
the validation of AVs in terms of safety, recognizing that the AV technology may come
with a potential risk. That is, the individual who uses the technology should be informed
that the usage may pose a higher risk on them. It is thus up to the user to decide whether
they take the risk, weighing up advantages and disadvantages. Furthermore, releasing
the AVs into the public domain should not expose the overall society to a higher risk. [13]
The second question is addressed by numerous research projects and initiatives such as
Pegasus [16], VVM [17], AdaptIVe [18] and StreetWise [19]. They advocate for a scenario-
based approach for the safety argumentation of an AV. scenario-based testing (SBT) shifts
the focus fromdistance to specific, predefined driving scenarios. Scenarios such asmaking
a turn at an urban intersection or merging onto a multi-lane highway encapsulate critical
and diverse driving situations.
SBT adheres to the „divide and conquer“ paradigm, an approach that is particularly use-

ful in addressing complex problems. The overarching challenge (the safety argumentation
of an AV) is often too intricate and broad to be effectivelymanaged as awhole. Instead, the
problem space is decomposed intomoremanageable subproblems. These subproblems are
expected to be simpler and therefore easier to handle compared to the original problem.
Each subproblem represents a specific scenario within the broader context defined by the
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ODD. By breaking down the complex problem into these distinct scenarios, it becomes pos-
sible to focus on the safety validation within the scenarios. Hence, by mapping the ODD to
a comprehensive set of these scenarios, the scenario-based approach aims to reduce the
verification burdenwhilemaintaining rigorous safety standards. These scenarios are then
employed as test cases to build robust safety arguments for the AV system. [17]
The overall process for the development of AV typically follows the widely established

V-Model and interested readers are referred to [20]. SBT is used throughout this process
in different stages. An abstract overview of SBT is given by Neurohr et al. [21] in Figure 1.2.
The blue boxes denote artifacts along the process, while the black rectangles represent
specific tasks. The overall process can be decomposed into three consecutive steps, al-
though this is a simplified illustration. The first step is to define the scenarios that helps
in the safety argumentation. Furthermore, the system requirements need to be defined,
such as the overall safety goal. Both steps provide artifacts for the actual testing of the
AV. The scenarios and the requirements are utilized for the derivation of test cases. The
methods that are applied for testing depend on the development stage and include virtual,
real-world or a combination of both (refer to Huang et al. [22] and [23] for an overview of
testing methods). What follows after the conduction of the tests is the analysis of the test
results w.r.t the initially defined requirements. The testing results are in the last step used
as part of the overall safety argumentation of the AV. This work will mainly focus on the
first part of this process, the identification of scenarios in real-world traffic data.

Figure 1.2: An abstract overview of scenario-based testing by Neurohr et al. [21]

1.1.3 Traffic data sources for real-world scenarios

The adoption of SBT has revealed the utility of a comprehensive scenario database in en-
suring the safety of AVs. [24] [25] Over recent years, various methodologies have been
explored to define these scenarios. These methodologies are typically categorized into
two domains: expert knowledge or data-driven. [21] The latter includes accident datasets
with varying severities, synthetic data sources using simulation environments like CARLA
[26][27], real-world trafficdata usingfloating vehicles [28][29] or stationary infrastructure,
or a combination of both. [21]
Regardless of the source, the common goal of these approaches is to identify scenar-

ios. They can be used to create specific test cases, which are crucial for validating AVs.
Moreover, multiple similar scenarios allow the investigation of human driving behavior,
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which helps in the development of AVs. Therefore, the following section provides a brief
overview of the three typical methods for collecting traffic data in the real world.

Floating vehicle One effective method for acquiring traffic data in the real-world is
through the use of floating vehicles. This approach involves equipping vehicles with sen-
sors to record Naturalistic Driving Data (NDD), providing valuable insights into traffic dy-
namics and vehicle behavior.
Several datasets have been made publicly available using floating vehicles. Notable ex-

amples include the Waymo Motion Dataset [30], which encompasses 500 hours of driving
data across 70,000 scenarios, and the nuPlan Dataset [31], featuring 1,200 hours of data col-
lected from four different cities. The datasets have generated significant interest within
the research community, and they have been utilized to address a diverse array of prob-
lems, including object detection and tracking [32] and scene understanding [33].
To capture both the surrounding environment and the vehicle’s own state, floating ve-

hicles are typically outfittedwith a variety of sensors. Cameras, LiDAR, and RADAR sensors
are utilized to gather detailed information about the vehicle’s surroundings, enabling pre-
cise environmental mapping and object detection. Positional sensors such as the Global
Navigation Satellite System (GNSS) and Inertial Navigation Systems (INS) provide accurate
vehicle positioning and motion data.
The utilization of floating vehicles for traffic data collection offers several significant

advantages. These vehicles can record traffic information across different regions, provid-
ing a comprehensive overview of traffic patterns and behaviors in diverse environments.
The integration of advanced sensors ensures high precision in both environmental per-
ception and self-positioning, enhancing the reliability of the collected data. However, the
trajectories of other road users are incomplete, which can limit the scope of traffic anal-
ysis. Additionally, the extent of traffic information collected is constrained by the size of
the vehicle fleets. Larger fleets are necessary to provide continuous and comprehensive
temporal data coverage, which can be resource-intensive.

Quasi-stationary infrastructure A different method for collecting traffic information
involves quasi-stationary installations, such as drones and mobile masts as illustrated in
Figure 1.3. Unlike vehicles, thesemethods provide trajectories of trafficparticipants across
the entire coverage area. This capability enables more detailed analyses regarding traffic
safety.
Drones, such as the one illustrated in the left panel of Figure 1.3, represent a relatively

novel methodology for collecting traffic data in real-world settings, first being utilized
for this purpose in 2016 by Robicquet et al. [34]. Since then, multiple datasets have been
published with different scopes and applications. Notable examples include the highD
dataset [35], which focuses on highways; the inD dataset [36], which captures data from
German intersections; and the openDD dataset [37], which is dedicated to roundabouts;
and the exiD dataset [38], which focus on highway entries and exits.
The recent gain in popularity of drones for traffic data acquisition are due to technolog-

ical advances in that field since they serve as a flexible and cost-efficientmethod for traffic
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Figure 1.3: Quasi-stationary methods for traffic data acquisition. Left: A mobile
measurement station (© DLR e.V. [39]). Right: A drone hovering over a measurement site
[40].

data acquisition. In fact, drones offer flexibility in terms of observation location. This mo-
bility allows for the collection of traffic data from diverse and challenging environments.
Moreover, the bird’s-eye view provided by drones eliminates the issue of occlusion by road
users, ensuring a clear and unobstructed field of observation. [38] Furthermore, the high-
resolution cameras equipped on drones enable precise and accurate object detection [40],
which is crucial for detailed traffic analysis. Finally, due to their capability to hover at
elevated heights, drones do not interfere with or alter human driving behavior, thereby
ensuring the authenticity of the captured data. [40]
Theutilizationof portablemasts anddrones differ fundamentally from traditional vehicle-

based data collection. While vehicle-based systems are limited to the paths taken by the
vehicles themselves, quasi-stationary installations can capture the movements of all traf-
fic participants within their field of view. This comprehensive data collection approach is
particularly valuable for traffic safety analysis.

Stationary infrastructure In recent years, the collection of traffic data through sta-
tionary infrastructure has gained significant traction, particularly within the context of
test beds in Germany. In contrast to quasi-stationary infrastructure, the sensors are per-
manently mounted for long-term analysis. This is done either at existing infrastructure
— a method long established — or at newly installed poles. This has become a corner-
stone in the realization of advanced traffic monitoring and autonomous driving test sites,
such as the Ted Bed Lower Saxony Niedersachsen [39] and Test Area Autonomous Driving
Baden-Württemberg [41].
Stationary methods employ a variety of technologies, including cameras, LiDAR, and

RADAR, sometimes in combination. To ensure continuous data collection using camera-
based systems even under low-light conditions, they sometimes incorporate active in-
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frared flashes. [42] This multifaceted approach enables an accurate representation of traf-
fic conditions, similar to the quasi-stationary methods.
One significant challenge encountered with stationary sensors is occlusion. That is,

larger road user close to the camera could occlude the view to other smaller road users
behind them. To mitigate this issue, sensors are typically installed onmultiple masts with
different angles of view, creating overlapping coverage areas. This configuration ensures
a more robust and reliable capture of traffic dynamics.
While stationary sensors provide a geographically limited data collection scope, they

offer the advantage of continuous monitoring over extended periods. This capability al-
lows for the observation of traffic under various weather conditions and at different times
of the day, facilitating the identification of rare traffic phenomena. This long-term, un-
interrupted data collection by stationary sensors is invaluable for comprehensive traffic
analysis and the safety assessment of AV technologies.
A comprehensive overview of three approaches to traffic data collection is shown in

Table 1.1. The evaluation is based on the criteria: temporal coverage, spatial coverage,
environment model accuracy, and environment model comprehensiveness. Each method
is rated on a scale from "–" (very poor) to "++" (excellent) in these categories based on the
description above. The table shows the strength and weaknesses of each approach, while
the ranking is based on each method’s description from above.

Table 1.1: Overview and evaluation of real-world traffic data collection methods.
Type Coverage Environment Model

Temporal Spatial Accuracy Comprehensiveness

Floating vehicle − ++ ++ 𝑜

Quasi-stationary
infrastructure

+(𝑜) 𝑜 + ++

Stationary
infrastructure

++ −− + ++

Floating vehicle data excels in spatial coverage and accuracy of the environmentmodel.
They allow for extensive geographic data collection, capturing real-time traffic patterns
and road conditions with high precision. However, thismethod lacks in temporal coverage
since data collection is limited to the periods when the vehicles are in motion — although
this depends on the fleet size.
Quasi-stationary infrastructure offers a balanced approach. It provides a high compre-

hensiveness of the environmentmodel by employing drones ormultiplemasts. The bird’s-
eye view from drones or the diverse angles from multiple masts enable detailed traffic
monitoring and analysis. Nevertheless, quasi-stationary infrastructure is constrained in
spatial coverage compared to floating vehicles, as it is typically deployed tomonitor traffic
within specific regions rather than over extensive areas.
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Stationary infrastructure provides extensive temporal coverage since it allows contin-
uous traffic data collection. Similar to quasi-stationary infrastructure, it also achieves a
high degree of comprehensiveness in the environmentmodel. However, stationary infras-
tructure has significant spatial limitations. Their main purpose is to monitor traffic in a
specific area and relocating them to another region is either not possible or very resource
intensive.
The table reveals that each traffic data collection method has its unique strengths and

weaknesses. The selection of an appropriatemethodology depends on the specific require-
ments of the task at hand, highlighting the importance of considering the trade-offs be-
tween temporal coverage, spatial coverage, and environment model comprehensiveness.
Floating vehicles may be used for the identification of scenarios in various environments.
Quasi-stationary infrastructure for the identification of scenarios inmultiple regions with
information of all traffic participants. Stationary infrastructure for long-term traffic data
collection of all traffic participants that enables in-depth scenario analysis.

1.2 Thesis objectives

While themanual effort to identify relevant scenarios in individual test drives of VuTmay
still be economically feasible, it becomes impractical as the size of vehicle fleets increases,
as during Naturalistic Driving Study (NDS) or Field Operations Test (FOT). This is particu-
larly true for the identification and extraction of scenarios from data collected using sta-
tionary infrastructure, asmultiple scenarios can occur simultaneously anddata is continu-
ously gathered. This continuous streamof data poses a significant challenge, necessitating
suitable technical infrastructure and processes to address it. Consequently, the primary
research question of this thesis is:

Research Question I How can a framework be defined that allows for the sys-
tematic representation of continuously collected real-world traffic data acquired by
(quasi-) stationary infrastructure in terms of scenarios? RQ.I

As described in the last section on the various methods for collection real-world traf-
fic data, floating vehicles are equipped with sensors capable of accurately capturing their
immediate surroundings. Under this assumption, the aforementioned research question
also implies that this framework should enable the processing of traffic data collected by
vehicles. Throughout this dissertation, traffic data collected by vehicles and traffic infras-
tructure will be utilized, with the focus primarily on the latter due to the defined require-
ments. Based on the RQ.I , the following objective is derived:

Objective I Development and evaluation of an approach that allows the sys-
tematic identification of scenarios from real-world traffic data that is collected from
(quasi-) stationary infrastructure. O.I
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For the scenario-based representation of traffic data, a procedure is necessary that sys-
tematically enables this. This involves both defining a specific process and developing a
methodology to systematically define scenarios and extract them from real-world traffic
data. The proposed approach must be discussed and evaluated using a concrete problem
to demonstrate its practical applicability. This scenario-based representation procedure
should be integrated into the overall framework for the continuous identification of sce-
narios. From this, and in relation to RQ.I , the following additional objective can be de-
fined:

Objective II Conceptualization and development of a scalable and modular plat-
form that allows to continuously and systematically identify, extract, and analyze
scenarios from real-world traffic data collected using (quasi-) stationary infrastruc-
ture. O.II

Asdescribed in theprevious section, quasi-stationary infrastructure allows for the record-
ing of traffic data at various locations over extended periods. One use case ismeasurement
campaigns, where data analysis occurs either during the recording period or subsequently.
Depending on the specific use case or the questions being addressed, particularly concern-
ing the analysis of certain traffic phenomena, different scenarios become relevant. For
these purposes, suitable flexible structures must be defined that allow methods to be in-
tegrated into the overall architecture to address the specific problems or questions that
may only be relevant to specific campaigns. This also applies to situations where station-
ary infrastructure is used to collect traffic data. The platform to be developed must be
scalable to enable the continuous processing of traffic data flow and sufficiently flexible
to be adapted to new questions and challenges that may arise. Specifically, the adaptabil-
ity of the platform to new issues and problems should be demonstrated through concrete
real-world applications.
For the identification of scenarios in real traffic data, these scenarios must first be de-

scribed, and this description must then be translated into methods that can identify con-
crete instances of the scenario in the data. Scenarios are typically described initially us-
ing expert knowledge on a semantic level using human language, offering the significant
advantage of being understandable and definable by a broad range of stakeholders. An
exemplary abstract description of a scenario might be: "A car turns left at an urban inter-
section while other vehicles are approaching from the opposite direction." This describes
a scenario involving a so-called "ego vehicle" intending to turn left at an intersection, en-
countering other traffic participants, the so-called "challengers" passing through the in-
tersection in the opposite direction. 1 For the identification of this scenario in real-world
traffic data, it is beneficial to map the traffic information, which is collected sensor-based
as mentioned earlier, onto a semantic level and thus closer to the initial scenario defini-
tion.

1The term "ego" and "challenger" is used in thiswork as proposed byWeber et al. [43], with the "ego" being
the traffic participant of main concern and the others being the "challengers". If traffic data is collected using
floating vehicles, the VuT is typically the "ego".
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In fact, in defining a scenario, the emphasis is usually placed on modeling the dynamic
behavior of traffic participants and the potential interactions among them and the in-
frastructure. A common approach for scenario identification involves detecting certain
maneuvers, such as turning at an intersection or overtaking another traffic participant,
and inferring the scenario based on this information. Various methods are proposed for
maneuver detection, which either considermaneuvers in isolation or utilize a pre-defined
catalog of maneuvers based on expert knowledge. However, maneuvers differ in complex-
ity from both the control perspective of automated vehicles and the data-driven perspec-
tive of an external observer. For instance, describing themaneuver of overtaking a vehicle
on a highway or a cyclist on a country road requires a higher level of detail andmore infor-
mation than themaneuver of braking, which only requires information about the vehicle’s
dynamics. One approach to manage the different complexities of maneuvers is, again, the
utilization of the „divide and conquer“ paradigm, where traffic data are described not only
based on events and maneuvers, but also on so-called primitives. [44] [45] [46] The goal
is to describe complex driving behavior using simple, smaller building blocks, which can
then be used to describe more complex maneuvers or to analyze driving behavior. [46] To
achieve this, relevant primitives can be specifically searched for in the traffic data. Meth-
ods of unsupervised learning are typically used to structure traffic data with primitives,
which requires expert knowledge to determine what phenomenon a primitive represents.
[46] This is problematic when these primitives are to be used as the basis for maneuver de-
scription. Additionally, it complicates the mapping of phenomena identified in real-world
data onto specific terms in the scenario description. This leads to the following research
question:

Research Question II How can real-world traffic data collected by (quasi-) sta-
tionary infrastructure be semantically represented using primitives? Furthermore,
how can these primitives be utilized to derive maneuvers and identify them in traffic
data? RQ.II

Based on the research question, two objectives are derived.

Objective III Development of a generic methodology that allows the representa-
tion of real-world traffic data as primitives and the definition of maneuvers based on
them. O.III

The methodology to be developed aims to provide a framework not only for represent-
ing the dynamic behavior of traffic participants using primitives, but also for describing
phenomena in the environment, which are specified on a semantic level in a scenario de-
scription, using primitives. This includes dynamic components such asmaneuvers, as well
as relationships between traffic participants and between traffic participants and infras-
tructure. By translating traffic data to a semantic level consisting of primitives, it becomes
possible to specifically search for these phenomena and describe more complex phenom-
ena, such as maneuvers, based on these primitives. The framework is intended to serve as
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a guideline rather than to dictate specific methods. This allows the selection of methods
based on the available real-world data and the phenomena to be described.
Another objective can be derived from the second part of the RQ.II , which is only par-

tially addressed by O.III and defined as follows:

Objective IV Demonstration of the methodology for representing traffic data us-
ing primitives, focusing on specific challenges such as identifying and extracting ma-
neuvers from real-world data. The methodology should be exemplified through case
studies addressing these challenges. O.IV

While the goal of O.III focuses on defining the methodology for representing traffic
data in the form of primitives, the overarching goal of O.IV is to demonstrate the ap-
plication of the methodology to solve concrete problems using case studies. It should be
exemplarily shown how primitives can be defined. In addition, it is to be shown how prop-
erties and states of traffic participants and relations between them and between traffic
participants and other entities such as infrastructure can be converted into primitives on
the basis of real-world data. Furthermore, it should be demonstrated how this representa-
tion with primitives can be utilized, for instance, to describe and identify specific maneu-
vers. Specifically, the aim is to apply themethodology to solve specific problems that arise
during the conversion of real data into scenarios. The applications, the solution approach
and its evaluation are to be examined and discussed in the context of case studies with real
traffic data.

1.3 Thesis structure

The remainder of this work is structured as follows.
In Chapter 2, basic terms that are used throughout the work are defined. The following

three chapters cover topics along the process from traffic data to scenarios, while propos-
ingmethods for different problems. Chapter 3 presents amethodology to represent traffic
data semantically using primitives. The primitives are the building blocks that are utilized
for various use-cases, including the definition of maneuvers and the semantic representa-
tion of relationships between traffic participants.
One of the main tasks to extract scenarios from real-world traffic data is to associate

traffic participants on specific roads and, especially on intersections, identify driving ma-
neuvers. This topic is covered in Chapter 4 which presents methods for driving maneuver
identification that is based on an a priori enriched digital representation of the road net-
work in OpenDRIVE format. In both previous chapters, methods are described that trans-
form and enrich traffic data. Chapter 5 follows with the utilization of these information
and presents an approach to build a knowledge base of scenarios. Specifically, the chapter
shows how to combine a knowledge-based approach for the definition of so-called space-
sharing conflict scenario (SSCS) hypotheses with a data-driven approach that is used to
validate the scenario hypotheses.
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The work follows with the presentation of the overall framework to extract scenarios
from traffic data in Chapter 6. The chapters elaborate on details of such a platform, be-
ginning with the architecture. Additionally, the overall process of extracting scenarios
from real-world traffic data is discussed, and it is shown how that process is transferred to
an architecture for a flexible and scalable processing pipeline. The chapter also presents
components for traffic data management, processing and analysis. Finally, the chapter
concludes with a demonstration of the framework’s flexibility by the application in differ-
ent use-cases.
In Chapter 7, the thesis concludes with a summary of this work and a discussion of the

its contributions. Furthermore, future research directions are outlined.
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Chapter 2

Foundation and related work

This chapter introduces basic terms and concepts that are fundamental for the remain-
der of the work. In particular, Section 2.1 briefly describes trajectory data. Further-

more, foundations regarding the representation of traffic data (Section 2.2) and in partic-
ular the scenario-based representation of traffic data (Section 2.2.3) are presented. Lastly,
this chapter revisits metrics for the situational assessment of traffic safety in Section 2.4.
It is worth noting that this chapter only covers foundations that are fundamental for this
work, while those that are only relevant for specific applications are briefly described in
the corresponding chapters for the sake of clarity.

2.1 Basic terminology

This work aims to represent real-world traffic data through scenarios. Traffic data encom-
passes various types of information (see Chapter 3), with geospatial details about traffic
participants and their dynamics, such as speed or acceleration, being essential for describ-
ing traffic comprehensively. The following section briefly introduces the basic terms used
throughout this work and relatedworks related to scenario-based representation of traffic
data.

2.1.1 Pose, position, trajectory

Analyzing the driving behavior of traffic participants in specific situations requires infor-
mation about where the traffic participants are. The position of traffic participants is
typically defined by the coordinate and the geodetic reference system (see Section 2.1.2).
[47] In this work, the coordinate p is defined as

p𝑡 =
[
𝑝1 𝑝2

]𝑇 (2.1)

in a two-dimensional reference frame at a specific time 𝑡 , unless stated otherwise.
The position is generally combined with information about the traffic participant’s dy-

namics and absolute orientation. The pose x of a traffic participant includes these details
and is defined as

x𝑡 =
[
p 𝑣 𝑎 𝜔

]𝑇 (2.2)
where 𝑣 is the velocity in 𝑚

𝑠
, 𝑎 is the acceleration in 𝑚

𝑠2
and 𝜔 is the absolute orientation

in radians for time 𝑡 , unless stated otherwise. Note that in some parts of this work, the
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posemay only include the position and the orientation, or additionally contains the traffic
participant’s dimension, which will be explicitly stated.
The position and pose of a traffic participant describe its state for a specific time 𝑡 . Vehi-

cles and intelligent traffic infrastructure typically collect information continuously. The
trajectory of a traffic participant represents its evolution over time. Let X denote the
trajectory represented as a time-series with a fixed duration𝑇 , it is defined as

X =
(
x1, x2, . . . , x𝑇

) (2.3)
with x𝑡 representing the pose of that traffic participant at time 𝑡 . Figure 2.1 shows an

example of a trajectory acquired by the stationary infrastructure AIM Research Intersec-
tion of the DLR. The trajectory denotes the overall course of the traffic participant within
the measurement area and is represented as the blue line. The pose represents it’s state
in a specific point in time, while the dots and the arrows illustrate the positions and ori-
entations.

(c) Stadt Braunschweig | Abteilung Geoinformation

trajectory X
position p

orientation ω

Figure 2.1: A trajectory on the DLR AIM Research Intersection.

2.1.2 Coordinate systems and reference frames

So far, basic concepts were introduced, including the definition of a trajectory and po-
sition. In Section 2.1.1, the position is defined by coordinates and a geodetic reference
system. When traffic data is acquired by vehicles, quasi-stationary infrastructure or static
infrastructure, different coordinate systems and reference frames are typically utilized.
The reference system or reference frame is mandatory to uniquely specify a position

since it specifies the position of a coordinate system relative to the earth. [47] The coordi-
nate system defines how to interpret the numerical values of positions, with geographic
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coordinates (latitude, longitude and height) and Cartesian coordinates being the twomost
used variants of coordinate systems. While the ISO Norm 19111:2019 “defines the concep-
tual schema for the description of referencing by coordinates” [48], a brief overview of relevant
systems is given in the following.

World Geodetic System (WGS)

TheWorld Geodetic System (WGS) is one of many geodetic reference systems that approx-
imate the earth by ellipsoids. [47] Its latest realization from 1984 is, for instance, used by
the Global Navigation Satellite System (GNSS) Global Positioning System (GPS) [47] and in
many applications such as navigation, mapping and geospatial analysis.
As illustrated in Figure 2.2, it provides a good localization accuracy on the earth’s sur-

face. However, other ellipsoids or reference frames are typically utilized in regional appli-
cations that fits better to the actual surface, such as the European Terrestrial Reference
System 1989 (ETRS89) for positions in Europe.

Figure 2.2: The earth is approximated by various ellipsoids dependent on the use-case
(based on Lange [47]).

Universal Transverse Mercator (UTM)

The UTM coordinate system is a Cartesian coordinate system and usually uses the WGS84
reference system. A position in the UTM coordinate system is given in easting and nor-
thing and derived by projecting geographic coordinates onto a plane. [47] To this end,
the earth is divided into 60 vertical zones, each with a longitudinal extent of six degrees,
and positions on the earth’s surface are projected on a cylinder that is wrapped around it,
opened and flattened (see Figure 2.3). [49] The projection of positions on a plane surface
has several benefits, including the distance estimation using the Euclidean distance and
the visualization of trajectories.
Modern vehicles are usually equipped with GNSS-based positioning systems and com-

bine it with an inertial navigation system. [51] Therefore, the position is typically repre-
sented in geographic coordinates and in a global reference system such asWGS84. But, sta-
tionary intelligent traffic infrastructure usually acquire traffic data in a small region and
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Figure 2.3: The transverse mercator projection using a cylindrical projection surface
around the earth’s surface (based on Olsen [50]).

therefore represent positions in a Cartesian coordinate system such as UTM. To fuse posi-
tions acquired by the vehicle and by intelligent traffic infrastructure, and for the analysis
of trajectory data, the positions throughout the work are represented in UTM coordinates
such that (2.1) is redefined as

p𝑡 =
[
𝑢 𝑣

]𝑇 (2.4)
with 𝑢, 𝑣 denoting the position in easting and northing. For instance, the AIM Research

Intersection illustrated in Figure 2.4 acquires trafficdatawithin the area (604665, 5792720),
(604865, 5792858) and thus covers an area of approximately 200 times 150 meters.
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(604665, 5792720)

(604865, 5792858)

(c) Stadt Braunschweig | Abteilung Geoinformation

Figure 2.4: The DLR AIM research intersection area represented in the UTM coordinate
system.
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Road reference line

The UTM coordinate system allows to represent positions in a fixed reference frame. An-
other coordinate system that is used throughout this work employs a dynamic reference
frame, the road reference line coordinate system. Other than the UTM coordinate system,
the road reference system uses the digital representation of the road as reference for po-
sitions. This coordinate system is used in the ASAM OpenDRIVE standard, which is a file
format specification for road network descriptions. The road reference line coordinate
system is related to the Frenet Frame, which is a moving frame along a curve [52] that is,
for instance, utilized for motion planning of automated vehicles [53].
The position p𝑡 at time 𝑡 represented in a Cartesian coordinate system such as UTM is

converted into a dynamic reference frame specified by the lane boundary’s representation
𝑟 according to Werling et al. [53] by

p𝑡 =
[
𝑓 (p𝑡 , 𝑟 ) 𝑔 (p𝑡 , 𝑟 )

]𝑇 (2.5)

with 𝑓 (p𝑡 , 𝑟 ) the offset along the road 𝑟 and 𝑔 (p𝑡 , 𝑟 ) the lateral offset relative to the road.
Figure 2.5 illustrates an example of a vehicle merging onto the highway. The two high-
lighted positions (black dots) represent positions in the UTM coordinate system. The po-
sitions x𝑡1, x𝑡2 are represented in the Frenet Frame defined by the left border of the accel-
eration using (2.5). 𝑓 represents the offset relative to the road’s origin illustrated as the
vertical left line on the left side. 𝑔 denotes the orthogonal distance to the road marking.
The projection of the absolute UTM coordinates into the local dynamic reference frame al-
lows to reason about the location of traffic participants relative to the road. This not only
enables for motion planning [53], but also to associate traffic participants on road lanes,
or identify maneuvers. Both use-cases will be demonstrated in Section 3.

𝑔(p𝑡2, 𝑟 )𝑓 (p𝑡2, 𝑟 )

𝑔(p𝑡1, 𝑟 )𝑓 (p𝑡1, 𝑟 )

Figure 2.5: The trajectory in the dynamic road reference frame defined by the left
border 𝑟 of the acceleration lane.

2.1.3 Scene, primitive, maneuver, scenario

In the domain of scenario-based representation of traffic data, several concepts are widely
used to describe specific aspects of traffic data. This work employs a hierarchical view on
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trafficdata using a four layeredmodel as illustrated in Figure 2.6. In the following, relevant
terms that are also used throughout this work are briefly introduced.

time
Scenes

Primitives

Maneuver

Scenario

Figure 2.6: The four layered model for a scenario-based representation of traffic data
used throughout this work (based on [54]).

Traffic data include various types of information and typically represents traffic quan-
titatively in a fixed spatial area and over a certain period of time. The term scene relates
to a subset of the overall traffic data. [55] [56] While the definition of a scene from Geyer et
al. is ambiguous w.r.t the duration of a scene, Ulbrich et al. uses the concept of a snapshot
of the overall traffic data, such that a scene represents traffic data for a specific point in
time. In general, this work follows the scene definition of Ulbrich et al., while the restric-
tion that a scene does not span “a certain amount of time” [56] is relaxed. Traffic data used
throughout this work is acquired in the real world by various types of sensors that usually
have different sampling frequencies. Thus, a scene is a representation of the aggregated
information provided by the sensors for a small period of time, which is dependent on the
use-case.
At scene level, information about traffic participants and the environment is repre-

sented quantitatively. For instance, the speed of a traffic participants is typically explicitly
stated inmeters per second or kilometers per hour. To semantically represent traffic data,
those quantitative attributes are mapped to a semantic taxonomy. While maneuvers are
a widely adopted concept for this task, this work uses primitives as an intermediate level
betweenmaneuvers and scenes. Other than a scene that represents traffic data for a short
period of time, a primitivemay last overmultiple scenes. Moreover, a primitive represents
the state of a traffic participant or other entities involved, and the relations among them.
This is illustrated in Figure 2.6 with the colorized boxes along the third dimension of the
primitive layer. Every primitive category represents such a relationship among entities
(see Chapter 3). In fact, the hierarchical view for scenario-based representation of traf-
fic data illustrated in Figure 2.6 is analogous to the representation of a mission or rather
mission element proposed by Dickmanns [57] in 2007. According to Dickmanns, a mission
describes the process of driving from a starting position to an arbitrary destination. The
mission can be decomposed into mission elements, which denote specific phases of the
mission, such as traveling a certain distance or turning right to merge onto a major urban
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road with three lanes. Mission elements are further decomposed into maneuver, which
are in turn described by maneuver elements. The latter are the basic elements on control
level. From a data and scenario-driven perspective, the abstraction level of maneuver el-
ements is the primitive layer used in this work. Wang et al. [45] also use the concept of
primitives as the fundamental components to represent and generate new traffic scenar-
ios, although the results provided by their presented framework for primitive identifica-
tion lacks interpretability. But, the unambiguous semantical representation provided by
primitives is mandatory since it helps to understand even complex situations. [57]
The scene represents trafficdata for a specific point in time. Primitivesmay span awider

time range and represent traffic data on a semantical level. If we focus on specific traffic
participants within the overall traffic data and their behavior, scenes and primitives can
be composed into maneuvers. That is, traffic participants perform maneuvers in order
to travel from their origin to the desired destination. This is formulated by Dickmanns as
“special expressions for these capabilities of motion control” [57]. Other than scenes that span
a short period of time, maneuver “have a temporal extension in the seconds-to-minute range”
[57].
Following the hierarchical view on traffic data, the most abstract concept to describe

traffic data throughout this work are scenarios. Due to the fact that SBT gained accep-
tance by industry and academia, various definition of the term scenario exists as outlined
by Gelder et al. [58]. In general, this work employs the definition of Ulbrich et al. stating
that a “scenario describes the temporal development between several scenes in a sequence of scenes.
Every scenario startswith an initial scene. Actions& events aswell as goals & valuesmay be specified
to characterize this temporal development in a scenario. [...] [A] scenario spans a certain amount
of time.” [56] Note that as pointed out by Gelder et al., the term event is not defined by
Ulbrich et al. In this work, the term event is interpreted as by Gelder et al. denoting a tran-
sition between states of traffic participants or even infrastructure induced by reaching a
specific threshold. That is, an event represents the moment in which a transition occurs
between any of the three abstraction levels: primitive, maneuver and scenario. However,
in the remainder of this work, events are notmodelled explicitly since they can be derived
from the representation using primitives, maneuvers and scenarios.
The hierarchical representation of the data model depicted in Figure 2.6 illustrates the

various temporal progressions of each layer. An alternative representation of the layer
model is shown in Figure 2.7. In this figure, the four different layers are depicted, but in-
stead of showing temporal progression, the quantity of elements per layer is illustrated
as in the safety pyramid of Hydén et al. The number of elements per layer decreases from
the lowest level to the highest level, in accordance with the principles of hierarchical data
aggregation. Unlike the pyramid of Hydén et al., however, there is no continuous tran-
sition between the different layers; instead, defined boundaries exist. This means that
traffic information at the scene level is aggregated to primitives at the next level, which in
turn allow maneuvers to be defined, from which scenarios can be constructed. Typically,
instances of scenarios are categorized based on specific questions, such as traffic safety
through interactions between traffic participants. Consequently, the safety pyramid of
Hydén et al. could be integrated into the scenario level to categorize scenarios ranging
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Primitive

Scene

Maneuver

Scenario
Conflicts
Accidents

Encounters

Figure 2.7: The representation of traffic data in terms of scenes, primitives, maneuvers
and scenarios utilized in this work.

from simple encounters between traffic participants to scenarios involving accidents of
increasing degree of severity.

2.2 Traffic data models

So far, various terms are defined for describing traffic data on a semantical level. In the
following, an overview of relevant work is given that propose concepts to structure the
different levels of the hierarchical model.

2.2.1 Scene description models

The most detailed description of traffic along the hierarchical model is available on the
scene level. In recent years, several works proposed to describe traffic and its environ-
ment using models with different level of detail and different perspectives. A general de-
scription was proposed by Bagschik et al. [59] with a five-level layer model (see Figure 2.8),
which is based on the work of Schuldt [60]. Every level of this model represents specific
aspects of the scene. The first level is the Road level, which contains information about the
road’s layout such as the topology and geometry. The second level adds information about
the Traffic Infrastructure and includes traffic signs, among others. While this layer includes
information about the infrastructure that is installed permanently or for a longer period,
any "[t]emporary manipulations of the first two layers are represented in the third layer"
[59]. Specifically, this layer includes information about temporary construction sites and
changes to the original road layout. Any objects that are part of the scenery are described
in the third level Objects including their interactions and their performed maneuvers. Ac-
cording to Schuldt this also includes the control of traffic lights, as a dynamic element,
while the physical representation of the traffic light ismodelled on the Traffic Infrastructure
level. For the safety argumentation of AVs it is crucial to know whether the system is able
to drive over the full day or only under specific lightning conditions. last level focuses on
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the representation of the Environment, e.g., weather information, lighting. This represen-
tationwas superseded by the six-levelmodel introduced by the PEGASUS research project.
The additional sixth layer represents digital information for, e.g., vehicle-to-vehicle com-
munication.

Figure 2.8: The five-level layered model for scene description by Bagschick et. al. [59].

In order to ensure the safety of AVs, it is essential to evaluate the effectiveness of the
system in all environmental conditions and to identify external factors or phenomena
that could potentially push the system to its limits. This evaluation should encompass
a range of times of day with varying light conditions and sun positions. For instance, glare
from other traffic participants at night could affect the vehicle’s sensors, thereby reduc-
ing the quality of the environment perception. Furthermore, particular meteorological
occurrences, such as precipitation in conjunction with a low sun angle, could result in re-
flections on the road surface, thereby influencing the vehicle’s environment perception.
These specifics can be described at the Environment level.

2.2.2 Maneuver description models

Instead of this overall representation of trafficdata, Hartjen et al. [61] focus on amaneuver-
driven description using a three-level layeredmodel for the urban domain (see Figure 2.9).
The first layer describes the dynamic behavior of a traffic participant with a set of ma-
neuvers, including Accelerate, Keep Velocity, Decelerate and Reversing. Specifically, this layer
describes the movement of a traffic participants.
The other two layers describe the dynamic relation between a traffic participant and

other entities. In the second layer Hartjen et al. defined several infrastructure-related ma-
neuvers, such as Lane change, Cross Junction. Those maneuvers can be utilized to represent
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the dynamic behavior of a traffic participant relative to infrastructure, such as crosswalk,
junctions and lanes.
The third layer contains the inter-object related maneuvers such as Follow Object, Ap-

proach Object. Effectively Hartjen et al. provide a detailed description of the maneuvers and
intersections for the urban domain that are represented in the Objects level in the five-level
model proposed by Bagschik et al. illustrated in Figure 2.8.

Figure 2.9: The layered maneuver-based model for urban traffic description by Hartjen
et. al. [61].

2.2.3 Scenario description models

The term "scenario" and other concepts used in thisworkwere introduced in Section 2.1.3.
The scenario represents the most abstract concept. As indicated in Figure 2.7, however,
there is awide variety of different scenarios that can occur in the real world. The following
section describes relevant studies that present approaches to describing and categorizing
scenarios.
Menzel et al. present a widely utilized model for defining scenarios, which delineates

scenarios across three abstraction levels (see Figure 2.10). The specification of specific
properties of scenarios, such as the traffic participants, their positions, and the relation-
ships between them, is conducted with varying granularity.
The most abstract scenario variant according to Menzel et al. is the functional scenario.

Functional scenarios are defined on a semantical level, resembling the textual description
of scenarios as used in this work so far, where certain entities in a scenario and their ac-
tivities are described using natural language. [62] This is illustrated in the left panel of
Figure 2.10 which describes a functional scenario with a “car and a truck [...] driving on a
right lane of the road, whereby the car follows the truck” [62] “on a two-lane motorway in a curve”
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Figure 2.10: The scenario abstraction levels from Menzel et al. [62].

[62]. One of the most significant advantages of this abstract level is the utilization of ter-
minology and concepts derived from human language. This facilitates the comprehension
and definition of scenarios among different stakeholders.
On the second abstraction level, the semantic terms used to describe the functional sce-

nario are mapped to specific parameters. For each parameter, a value range is defined
which may follow a specific distribution, e. g., Gaussian or Uniform. Furthermore, rela-
tions between parameters can be defined by conditions as illustrated in Figure 2.10 with
the longitudinal position of the truck being greater than the car. This conditional relation
is enough to represent the car follows truck relation on the functional scenario level. In fact,
the logical scenario is a representation of the functional scenario relations to numeric pa-
rameters, while the value ranges describe the scope of each parameter in this scenario.
For scenario-based testing (SBT) and especially the extraction of scenarios from real-

world traffic data, the concrete scenario is of major interest. The concrete scenario is used
to describe a realization of the scenario and “could be used as a basis for test case generation”
[62]. That is, for every parameter that is used to describe the logical scenario, a concrete
value is chosen (as illustrated in the right panel of Figure 2.10). Due to the representation
of parameters with distributions, established sampling methods can be utilized to create
concrete scenario from logical scenario. [62]
This work follows the concepts of scenario abstraction byMenzel et al. For the represen-

tation of traffic data as scenarios, the scenarios of interest to identify are defined on the
semantic level of functional scenario. But, instead of defining the parameter values of the
relations, thosewill be derived from real-world traffic data. Hence, the functional scenario
definition is employed to extract concrete scenarios which, for instance, can be composed
to logical scenarios or provided as tests for SBT.
The approach for scenario description by Menzel et al. focuses on defining scenarios,

where parameters and attributes are defined with varying granularity across the three
different scenario abstraction levels. This allows for deriving concrete scenarios from a
rather abstract and semantical scenario description. These concrete scenarios represent
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the same abstract scenario but vary due to parameter variations, such as a different turn-
ing radius or different velocity of traffic participants. But, as illustrated in the Figure 2.7,
there are various scenarios that can occur in the real world. Therefore, for the safety ar-
gumentation of AVs, it is necessary to test them across a diverse set of relevant scenarios.
These various scenarios are identified by categorizing the overall scenario space, which

is, for instance, defined by the ODD. One such approach is presented byWeber et al., where
a semi-formal methodology is proposed to define a scenario catalog for urban areas that
is composed of, so-called basic scenarios. The work identifies a variety of basic scenarios
and assigns them to high-level scenario categories.
Another approach is proposed by Markkula et al. also for the urban area, with a primary

focus on interactions between traffic participants within a scenario and the potential con-
flicts between them. In contrast to the proposal of Weber et al., scenarios are divided into
five categories, the so-called space-sharing conflict scenarios. According toMarkkula et al.
[64] a space-sharing conflict is an "observable situation fromwhich it can be reasonably in-
ferred that two ormore road users are intending to occupy the same region of space at the
same time in the near future". Transferred into the domain of scenarios, a space-sharing
conflict scenarios can be categorized as obstructed, merging, crossing, unconstrained and
constrained head-on paths as illustrated in Figure 2.11. In the following, those scenarios
are discussed briefly.
In a space-sharing conflict scenario by an obstructed path a traffic participant cannot

follow its route since the path is obstructed by another traffic participant. For instance, if
a lane on an intersection allows turning right and crossing straight the intersection (see
Figure 2.11a), a traffic participant might obstruct the path of another traffic participant
that wants to cross the intersection straight, but has to wait until the path becomes free.
If two traffic participants want to leave the intersection in the same direction but have

different origins, they havemerging paths. An example shared-space conflict situation due
to merging paths is depicted in Figure 2.11b. The traffic participant with path 𝑝1 wants to
cross the intersection straight from west to east, and the traffic participant with path 𝑝2
will perform a right turn leaving the intersection east.
Another variant of a space-sharing conflict scenario is defined by traffic participants

with crossing routes. An example situation is shown in Figure 2.11c with a traffic partici-
pant crossing the intersection straight 𝑝1 and another one performing a left turn 𝑝2. The
traffic participant with path 𝑝2 needs to cross the path 𝑝1 to perform the left-turn maneu-
ver. The traffic participants have both different origins and destinations.
The fourth variant is the scenario with unconstrained head-on pathswhere traffic partici-

pantsmove towards each other but can freely adapt their path for collision prevention and
to follow their route (indicated by gray paths). Such a situations may occur, for instance,
in parking lots where vulnerable road users and other traffic participants move freely as
depicted in Figure 2.11d.
The last variant of space-sharing conflict scenario (SSCS) according to Markkula et al.

[64] is where traffic participants head-on pathsmight be constrained. An example situation
is shown in Figure 2.11e where a cyclist 𝑝1 drives on the road in front of a vehicle with path
𝑝2 and another traffic participant 𝑝3 coming from the opposite direction. The head-on
paths of the latter traffic participant with path 𝑝3 is constrained in this situation by the
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(a) Path 𝑝1 is obstructed by
𝑝2.

(b) Path 𝑝1 and path 𝑝2 are
merging paths.

(c) Paths 𝑝1 and 𝑝2 are
crossing paths.

(d) Head-on paths 𝑝1 and 𝑝2
are unconstrained.

(e) The path 𝑝3 is
constrained by 𝑝2 and 𝑝1.

Figure 2.11: The space-sharing conflict scenarios according to Markkula et al. [64].

road user with path 𝑝2 since it could overtake the cyclist with path 𝑝1 and may partly use
the oncoming lane.
The benefit of categorizing scenarios according to Markkula et al. is its emphasis on the

interactions between trafficparticipants. Particularly in urban environments, scenarios of
interest for the safety argumentation of AVs involve situationswhere the ego vehicle inter-
acts with other traffic participants, experiencing either critical situations or atypical be-
havioral patterns. Chapter 5 introduces a method for formally defining these SSCS, using
the AIM Research Intersection as an example, and identifying potentially interacting traf-
fic participants involved in these scenarios from real-world traffic data. The formal rep-
resentation of the entities and their relationships has been effectively achieved through
the use of knowledge bases based on ontologies. Zipfl et al. [65] provide an overview of
relevant work in the context of scenario-based testing (SBT). For example, Westhofen et
al. describe a method for defining critical phenomena using ontologies based on an ex-
tended layer model for traffic data description by Scholtes et al. [67], which is based on the
work of Bagschik et al. [59]. They also demonstrate how these phenomena can be identi-
fied in real-world data. Since Ontologies has been shown to be an appropriate method for
scenario definition, the approach presented in Chapter 5 employs ontologies to formally
define SSCS, relevant entities, and the relationships. This is done following a modular ap-
proach similar to [66], where different entities and relationships are defined in separate
ontologies.

2.3 Digital Road Networks

The description of scenarios not only includes information about the traffic participants
involved and the interactions among them. As already illustrated in the layeredmodel Fig-
ure 2.8 of Bagschik et al. [59] and the scenario abstraction levels by Menzel et al. [62] infor-
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mation about the roads and traffic infrastructure is required. This information is pivotal
for the operation of automated vehicles as a digital representation of the road network
helps to understand the vehicle’s surrounding. [68] Furthermore, accurate and detailed
digital representation of the road and traffic infrastructure helps in the simulation-based
testing and validation of theses systems as they enable to create realistic test cases. [69]
There are various formats to represents information about the road and traffic infor-

mation in so-called digital maps, including OpenStreetMap [70], lanelets [71] and the ASAM
Standard OpenDRIVE [72]. An extensive overview about this topic is given by Elghazaly et
al. [73]. In the remainder of this work, the OpenDRIVE format is used to represent road in-
formation. A brief description of relevant features of this format is given in the following.
A road network in OpenDRIVE format is, at the top level, described in terms of roads and

junctions, while junctions are utilized to connect roads with each other. Furthermore, the
road infrastructure is represented using two geometric representations, the reference lines
and the lane borders. All geometric aspects of a road and other properties along the road
are definedw.r.t the reference line. This also holds for describing lanes of a road. Their ge-
ometric representation is within the reference system of the road, which is defined by the
reference line. An example road network in OpenDRIVE format is illustrated in Figure 2.12.
It represents the inner-city ring of Braunschweig and the DLR AIM Research Intersection.
The reference lines of network’s roads are depicted in Figure 2.12a and of the DLR AIM
Research Intersection in Figure 2.12b. The roads within the inner intersection area are
linked to a junction. This is necessary since the roads leading to and departing from the
intersection are linked to the inner intersection’s roads via the junction. This property is
utilized in Chapter 5 for scenario definition. The OpenDRIVE format is designed to rep-
resent the traffic infrastructure with high accuracy. For this purpose, lane borders are
utilized to represent the shape of roads or other areas, such as parking lots, traffic islands
or sidewalks. The representation of the DLR AIM Research Intersection on lane-level is
illustrated in Figure 2.12c clearly showing the shape of the individual lanes and sidewalks.

(a) (b) (c)

Figure 2.12: A digital representation of the inner-city ring of Braunschweig (2.12a) in
OpenDRIVE format ([74]). The reference lines of the DLR AIM research intersection are
illustrated in 2.12b and the lane borders in 2.12c.
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2.4 Surrogate measures of safety

Scenarios are typically defined using three abstraction levels as presented in previous sec-
tion and are categorized according to the interaction among the traffic participants in-
volved. The logical scenario describes the variance of a functional scenario and thus lim-
iting the overall scope of concrete scenario instances. But, based on a functional or logical
scenario, any number of concrete scenarios can be derived. For scenario-based testing
(SBT), however, not every concrete scenario is relevant. For instance, complex scenarios,
those with rare phenomena, or scenarios with critical interactions between traffic partici-
pants as illustrated at the top of the safety pyramid by Hydén et al. illustrated in Figure 1.1
by may be worth testing more extensively on special proving grounds or in simulations.
For the objective evaluation of a scenario in terms of traffic safety, Surrogate Measure

of Safety (SMoS) are widely adopted. Various metrics exist to quantify traffic safety based
on interactions between road users. While an in-depth overview of this topic is beyond
the scope of this work, refer to Wang et al. [75] for an extensive review. In the following,
three basic time-based SMoS are revisited which are used throughout the work.

2.4.1 Time to collision

The time to collision (TTC) is a SMoSproposed in 1972 byHayward [76] andused to evaluate
the risk of rear-end collisions in traffic scenarios. The TTC represents the “time required for
two vehicles to collide of they continue at their present speeds and on the same path” [76]. Let
𝑣1(𝑡), 𝑣2(𝑡) be the velocity of both participants, the𝑇𝑇𝐶 (𝑡) at time 𝑡 is estimated as

𝑇𝑇𝐶 (𝑡) = p2(𝑡) − p1(𝑡)
𝑣2(𝑡) − 𝑣1(𝑡)

(2.6)

with p2 − p1 the distance between both road users positions at time 𝑡 . An advantage of
the TTC is that it allows to quantify the collision risk between traffic participants continu-
ously and not only for discrete points. However, the measure does not account for driving
behavior adaptations or vehicle dynamics, such as steering or breaking.

2.4.2 Gap time

Another SMoS that is worth mentioning is the Gap Time (GT). That measure is used in dif-
ferent contexts, including the safety assessment of situations [77] and behavioral analysis
in left-turn scenarios with pedestrian-vehicle interactions [78], or for maneuver planning
[79] with vehicle-vehicle interactions. In the first two cases, the GT denotes the differ-
ence in time of arrival of both participants reaching the conflict point as illustrated in
Figure 2.13, and in the latter case, the GT denotes the time gap between two successive
vehicles. If we assume that 𝑑1(𝑡), 𝑑2(𝑡) are the distances to the conflict point along the
paths of both road users at time 𝑡 , the GT is defined as

𝐺𝑇 (𝑡) = 𝑑2

𝑣2(𝑡)
− 𝑑1

𝑣1(𝑡)
(2.7)
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with 𝑣1(𝑡), 𝑣2(𝑡) the velocity of both road users at time 𝑡 . Note that for the case of following
vehicles, the conflict point is typically at the rear end of the leading vehicle. Thus, the
right term of (2.7) becomes zero and the GT in this case is the arrival time of the following
vehicle. But, in both cases, a smaller GT indicates a more critical situation. The Gap Time
is utilized in an application in Section 6.4.3, which analyzes themerging behavior of traffic
participants on the highway.

2.4.3 Post encroachment time

Another time-based SMoS that is used to measure the time proximity to a crash between
two traffic participants is the PET. It was proposed in 1987 by Allen et al. [80] as a measure
to indicate the severity of a conflict especially at intersections and other conflict zones.
Figure 2.13 illustrates the PET at an intersection with a road user turning left (𝑝1) and
another one driving straight (𝑝2). The PET is defined as

𝑃𝐸𝑇 = 𝑡2 − 𝑡1 (2.8)

and the time difference between the moment 𝑝1 leaves the conflict point 𝑡1 and the
moment 𝑝2 arrives at the conflict point 𝑡2. The sign of the PET value indicates the order of
the road users entering/leaving the conflict zone. In general, a smaller PET value indicates
a more severe conflict situation, while a PET value of zero denotes a crash. Other than
the TTC, the PET measure is not estimated continuously, but is evaluated once for two
road users. The PET measure is used throughout this work not only to assess scenarios
in terms of traffic safety in Section 6.4.3. The fact that the PET can be estimated for two
traffic participants only if they share the same spatial location is utilized as an indicator
in Chapter 5 to identify crossing scenarios from real-world data. Moreover the sign of the
PET and the relationship between a traffic participant merging on the highways to other
traffic participants on the highway is combined in Section 6.4.3 to categorize on-ramp
scenarios on a highway.

Figure 2.13: Example scenario at an intersection with a road user 𝑝1 turning left and
another road user 𝑝2 driving straight.
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2.5 Application-specific foundations

Asmentioned in the beginning of this chapter, relevant terms and concepts are introduced
thus far that are relevant for the remainder of this work. For the sake of clarity, founda-
tions that are relevant only for specific application are introduced in the corresponding
chapters. For the sake of completeness, an overview is given in the following.
In Section 3.1, the concept of a primitive is described in more detail and is related to the

traffic descriptions models illustrated in Section 2.2 using examples. Furthermore, a brief
review of the Hidden Markov Model (HMM) and Dynamic Time Warping (DTW) is given,
since both methods are utilized for primitive-based representation of traffic data and the
identification of maneuvers based on it.
In Section 5.1, terms and concepts are introduced for knowledge representation since

this is the foundation of the proposed approach for systematic scenario identification. In
particular, a short introduction about Knowledge Base (KB), ontologies and SPARQL Pro-
tocol And RDF Query Language (SPARQL) is given.

2.6 Summary

This chapter introduces fundamental concepts for the scenario-based representation of
traffic data. it defines key terms such as position, pose, and trajectory, which describe the
spatiotemporal representation of traffic participants within traffic data. Moreover, em-
phasis is placed on the hierarchical structure of scenarios, which includes scenes, prim-
itives, maneuvers, and scenarios. Primitives are the building blocks to semantically rep-
resent traffic data, capturing basic actions and interactions among entities. Furthermore,
three distinct variants of a scenario description are presented, which differ in their level
of abstraction from functional, over logical to concrete scenarios. From real-world traffic
data, concrete scenarios are typically extracted and are utilized for scenario-based testing
(SBT). However, for the latter, scenarios are typically filtered according to certain criteria
such as traffic safety, rareness or complexity. The section also revisits three SMoS for the
quantitative analysis of traffic safety in scenarios that are used throughout the work.
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Chapter 3

Representation of traffic data with
primitives

This workmotivates the representation of traffic data on a semantical level by breaking
down the description of the real world traffic data to a set of unique non-overlapping

attributes: the so-called primitives. In this section, a framework is presented that allows
to systematically represent traffic data using primitives and the identification of relevant
maneuvers given a use case or scenario definition addressing O.III . A key to this is the
definition of a primitive domain, the representation of traffic data in these, and the defini-
tion ofmaneuvers on a semantical level using the primitives as defined in O.IV . Two case-
studies demonstrate the presented approach facing two different use cases. In the first
case study lane-change maneuvers will be identified and extracted from a traffic dataset
collected on a German highwaywith a VuT. The second case study demonstrates the appli-
cation of the approach for the problem of route estimation on the urban DLRAIMResearch
Intersection.

3.1 Foundation

As mentioned in Chapter 2, application-specific foundations are described in the relevant
chapters. In the following, an overview of primitives and the relation to existing concepts
is given. Moreover, concepts andmethods are briefly introduces that are used throughout
this chapter.

3.1.1 Overview

Following the traffic description of Bagschik et al. and Hartjen et al. from Section 2.2 and
putting the domain of primitives into context, this work focusses on the primitives related
to the levels Road-level and Objects — but from the perspective of the ego vehicle as in [43].
That is, the focus is on the object of main concern in a specific situation. For instance,
if the use case is to analyze the left turn behavior on an intersection, the ego vehicle is
the traffic participant performing that left turn. If the use case is, however, to identify
situations where a vehicle crosses an intersection straight has to decelerate to mitigate
a collision with a left turning vehicle, the ego vehicle is the one driving straight ahead.
Hence, the perspective is always dependent on the use case, the scenario of interest or
the research question. In fact, the focus is on a subset of maneuvers defined by Hartjen et
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al. for demonstration purpose and to illustrate a primitive based approach for maneuver
description.
As described in Section 2.1.3, a primitive can describe a certain state of an entity. The

domain of that state space is dependent on the context. For the Road Level, whichmight be
used to identify, e. g., lane-change maneuvers, the context could be the position relative to
a lane of the digital map, that contains the geometric information of the roads, if we take
the distance to road lanes from the ego perspective into account, i. e., the representation
of the trajectory in the road reference coordinate system (see Section 2.1.2). The domain
could be, in this case, the space of relative positions. But, a primitive can also denote how
the ego object moves towards a lane and thus describes the dynamic behavior. In that case,
the domain is the change of the relative position and the context the relative movement
to a road lane.
That methodology can also be applied to the Objects level, to either describe the rela-

tionship between the ego vehicle and other traffic participants, or the ego vehicle’s state
and movement. An exemplarily representation of the vehicle’s movement is illustrated in
Figure 3.1. The movement is generally described by four categories. The category driving
direction denotes if the traffic participant is moving forward, backward or not at all using
three primitives. The second category velocity describes how fast the vehicle moves and
the other two categories the traffic participant’s acceleration and deceleration — all three
categories with five primitives. This is effectively a different view on the traffic partici-
pant’s state as defined by Hartjen et al. in Layer 1 (see Figure 2.9). The traffic participant’s
movement is fully described using four categories and include a semantical representation
of the actual magnitude, e.g., fast velocity or strong acceleration.

Driving direction

• Backward
• None
• Forward

Velocity

• Standstill
• Slow
• Moderate
• Fast
• Very fast

Acceleration

• None
• Low
• Moderate
• Strong
• Very strong

Deceleration

• None
• Low
• Moderate
• Strong
• Very strong

Figure 3.1: The movement representation of traffic participants based on primitives.

Another example for a primitive-based description of traffic data is illustrated in Fig-
ure 3.2. It shows the positional relationship between road users if they would be repre-
sented in the reference frame defined by the road (see Section 2.1.2). In general, the rela-
tionship is represented in the longitudinal and lateral direction. In the first direction, the
object is either Behind, Next to or In front of another object. The second direction describes
the lateral position with three primitives. The third category illustrated in Figure 3.2 de-
notes an exemplarily representation of the positional change in the longitudinal direction
between two objects with three states.
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Longitudinal

• In front
• Next to
• Behind

Lateral position

• Left
• Right
• Level with

Longitudinal change

• Follow
• Approach
• Leave

Figure 3.2: The positional relationship between two traffic participants.

This representation of the positional relationship can be useful for the use case of, e.g.,
identifying overtaking scenarios. An example of such an overtaking scenario is illustrated
in Figure 3.3 with the ego vehicle (in blue) overtaking the challenger vehicle (in green).
Initially, the ego vehicle is in the same lane as the challenger, but reduces the distance to it.
The ego vehicle then changes lanes to the left and passes the challenger, finally changing
back to the right lane and increasing the distance to the challenger.

𝑡0) 𝑡1) 𝑡2)

𝑡3) 𝑡4) 𝑡5)

Figure 3.3: An example overtaking scenario with the ego vehicle in blue and the
challenger in green.

Instead of this textual, or functional, description of the scenario evolution, it can be
represented using the positional relationship primitives from Figure 3.2 for the six scenes
illustrated in Figure 3.3. In Table 3.1 every row represents the scenario evolution w.r.t a
positional relationship category. The first row focus on the longitudinal relationship and
clearly shows that the ego vehicle is initially behind the vehicle and finally in front of it
indicating that it overtakes the challenger. The second row describes the lateral relation-
ship and is required to properly describe this scenario, since it shows that the ego vehicle
is at first in the same lane as the challenger, then left of it and finally back in the same
lane. Without the lateral position information, the ego vehicle could, for instance, be on
the left lane over the full course of the scenario, thus actually describing another variant
of an overtaking scenario. The third row represents the longitudinal positional change of
the ego vehicle to the challenger. Although the category does not seem to be mandatory
for the description of the scenario, it is indeed necessary. Imagine a scenario where the
left lane is occupied by another vehicle and the ego vehicle must wait behind the chal-
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lenger before changing lanes. Both scenarios can be described by the same course w.r.t
the longitudinal and lateral position. The information about the positional change allows
a distinction to be made between both scenarios. Because in the case of the scenario with
occupied left lane, the ego vehicle would Follow the challenger on the same lane until the
other lane is clear as opposed to the scenario in Figure 3.3.

Table 3.1: The positional relationship of the ego vehicle to the challenger over the course
of the overtaking scenario illustrated in Figure 3.3.

Relationship
Scene

𝑡1 𝑡2 𝑡3 𝑡4 𝑡5

Longitudinal Behind Behind Next to In front In front
Lateral Level with Left Left Left Level with
Longitudinal change Approach Approach Approach Leave Leave

The primitive-based representation of traffic data not only allows to describe it on a se-
mantical level. It also enables the the description and identification ofmaneuvers based on
the evolution of primitives. For instance, in the textual description above, it is stated that
the ego vehicles passes the challenger, which could be viewed as a specific maneuver that
the ego vehicle performs. In fact, Hartjen et al. [61] defined Passing as amaneuver to repre-
sent the relationship between two objects (see Figure 2.9). With the primitives illustrated
in Figure 3.2, this maneuver can be decomposed for the sake of maneuver identification.
Using the longitudinal positional relationship, that maneuver can be represented as the
sequence (Behind, Next to, In front).
Another maneuver that is used to describe the scenario is changing lanes with the di-

rectional information (left and right). In the layered maneuver-based model of Hartjen et
al. this is a infrastructure maneuver, since it describes the relationship between an object
and the digital map (infrastructure). [61] This maneuver can also be represented using
the primitives defined in Figure 3.2. The lane change to the left can, for instance, be rep-
resented with the sequence (Level with, Left) and to the right with (Left, Level with) using
the lateral positional primitive. In the first case study (see Section 3.3), another represen-
tation will be proposed that utilizes primitives describing the relationship between the
object and the infrastructure instead of the inter-object relationship.
For both examples, it is possible to represent the traffic data using the primitives and

define the maneuvers as a sequence of the primitives. For the use case of maneuver iden-
tification in real-world driving data, we need to find those patterns and extract them.1

3.1.2 Hidden Markov Model

For the representation of real-world traffic data as primitives, various methods exist that
can be utilized. In this chapter, itwill be demonstrated that aHiddenMarkovModel (HMM)

1It is worth noting that maneuver identification is one use case. Another use case is searching specific
situations. The primitive-based representation allows searching on a semantical level, e.g., by a road user’s
velocity or acceleration using the primitives defined in Figure 3.2.
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is one of these approaches. While thismethod originates from the domain of speech recog-
nition is was successfully applied to solve various real-world problems. [81, p.43][82] An
HMM is a probabilistic method that allows to infer the "hidden" states of a process giving
the information this process emits. In particular, given a sequence of observations of a
system, an HMM can be utilized to predict the most probable sequence of states. [82]
A HMM 𝜆 is defined as 𝜆 = (𝑨,𝑩, 𝝅) where 𝑨 is the transition probabilities between

the hidden states, 𝑩 the observation probability distribution conditioned on the current
hidden state, and 𝝅 the initial state probabilities. [83]
With the representation of traffic data in terms of primitives, we may transform con-

tinuous variables to discrete ones with a finite value range. The longitudinal relationship
between two traffic participants, for instance, may be represented by three primitives as
illustrated in Table 3.1, which could be derived from the actual distance given in meters.
For this purpose, a Gaussian Mixture Model (GMM) is typically utilized to model the ob-
servation probability distribution, which is defined by the means and covariances of the
mixture components. [83]
For the representation of traffic data as primitives, two problems must be solved. First,

the parameters of the HMM needs to be defined. Second, given the sequence of observa-
tions, such as distances between trafficparticipants, and aHMM, the sequence of stated, or
longitudinal primitives in the example above, need to be estimated. According to Bilmes
[84], these are typical problems for which solutions are available. The parameters of the
HMM can be estimated from a sequence of observations using the Baum-Welch algorithm.
Furthermore, given the parameters and the sequences of observations, such as the dis-
tances between traffic participants, the sequence of states can be estimated using Viterbi
algorithm. [84]

3.1.3 Dynamic Time Warping

The first case study of this chapter will demonstrate how to identify maneuvers using
the primitive-based representation of traffic data. While the HMM is employed for this
representation, maneuvers still need to be identified in this sequence of primitives. This
chapter will demonstrate that the DTW can be utilized for this purpose.
DTW originates from the domain of knowledge discovery and data mining and was pro-

posed by Berndt et al. [85] to identify patterns in time-series data. The method uses dy-
namic programming to compare a time-series with a specific template, while aligning the
time domain. This allows to find patterns in the time-series with a wide variation in tim-
ing, because it is "both ignoring global and local shifts in the time dimension" [86].
DTW creates a warping pathW = 𝑤1,𝑤2, . . . ,𝑤𝑁 from two time-series A,B with a
|𝐴| × |𝐵 |matrix. Each cell in this matrix contains the distance between elements ofA and
B. The warping pathW is the one minimizing the cumulative distance over potential
paths defined as

DTW(A,B) = min
W

𝑁∑︁
𝑖=1

𝑤𝑖 (3.1)
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and that represents the "distance" between both time-series, which allows to differen-
tiate of various templates. [85] This property is used in the case study in Section 3.3 to
classify extracted partitions of a driving sequences with a lane-change maneuver variant.

3.2 Framework for primitive based maneuver identification

In the previous section, the concept of a primitive is described in more detail while the
examples show that various phenomena and relations among entities can be defined us-
ing primitives. In the following, a framework is introduced that serve as a guideline to
represent real-world traffic data using primitives.
Let us recap thatX defined in (2.3) is a time series of state-space vectors that represents

the trajectory of a traffic participant, including information about the environment, that
is defined as X =

(
x1, x2, . . . , x𝑇

) , with 𝑇 the trajectory’s length and each x𝑡 ∈ X is a
(partial) scene representation at time 𝑡 .
Furthermore, let K =

{
k1, k2, . . . , k𝑁

} be a set that represents the 𝑁 contexts and
D =

{
D1,D2, . . . ,D𝑁

} a set representing the 𝑁 primitive domains, where each context
allows to represent a scene in the corresponding domain of primitives. For that purpose,
let 𝑡 (k) : x→ 𝑦 be a transformation to associate a scene x to an entity𝑦 ∈ D of a primitive
domainD using the context k. That is, a scene can only be associated to a single primitive
of a primitive domain. A primitive domain is, for instance, the lateral position relationship
in Figure 3.2 and the context the distance to the lane marking, since it allows to infer the
lateral position. In fact, this information will be used in the first case study in Section 3.3.
Moreover, letY = (y1, y2, . . . , y𝑇 ) be a time series with the same length as the trajectory
X. Every element y ∈ Y is a vector denoted as y =

[
𝑦1, 𝑦2, . . . , 𝑦 |D |

]𝑇 which dimension
is determined by the number of primitive domains. That is, the vector y𝑡 is the represen-
tation of the scene x𝑡 in the domains of primitives at time 𝑡 . For the overtaking scenario
above, y would be a three-dimensional vector since three categories or domains (see Ta-
ble 3.1) are used for the description. Hence, we follow a different approach thanWang et al.
[45] by allowing a pose of a traffic participant to be represented with multiple primitives,
which was also illustrated in Figure 2.6.
In addition, letM = {M1,M2, . . . } represent the maneuvers that should be extracted

froma trajectory. Every elementMD ∈ M denotes themaneuvers that canbe represented
using the primitive domain D ∈ D. Every member m ∈ MD is a sequence denoted as
m =

(
𝑚1,𝑚2, . . .

) with𝑚 ∈ D defining the maneuver signature. That is, the maneuver
signature allows to describe the course of the maneuver in the primitive domain.
Based on these definitions, for a certain use case the time-series X can be represented

as primitivesY andmaneuversM can be derived based on them by defining the following
entities — not necessarily in the given order.

• Maneuver: Define the relevant maneuversM𝑘 =M1,M2, . . . for every context𝑘 ∈
k according to a use case. Every element should represent the maneuver signature
in the domain of primitives.
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• Domain: For every context k ∈ K , specify the domain Dk that defines the primi-
tives. Since primitives represent certain aspects or states of the maneuver, the do-
main is typically a finite set of real-valued numbers.

• Context: Define the primitive contextsK that are relevant for the use case and that
allow representing the trajectoryX in the domainsD of primitives.

• Transformation: For every pair (k,D) of a context k and its primitive domain D
define a transformation 𝑡 (k) that refers a state-space vector x to an entity of the
domain D according to the context k. That is, 𝑡 (k) will transform the driving data
X into the domain D of primitivesY via the context k.

• Maneuver classification: For every context k ∈ K that has multiple maneuver
definitions, define an function that unambiguously associates a time series in the
domain of primitivesY to a maneuverm ∈ Mk based on the maneuver signatures.

Todemonstrate the consistency and applicationof that framework and toproposemeth-
ods to solve the formulated issues, two case-studies are presented in the following. In
the first case study, lane-change maneuvers should be identified and extracted from real-
world drivings on a german highway that was collected during the FASva project2. In the
second study, the framework is utilized to solve the problem of route finding on an urban
intersection using real-world drivings from the DLR AIM Research Intersection.

3.3 Case study: Identification and extraction of lane-change
maneuvers

The following studywill demonstrate the approachof representing real-world driving data
with primitives for the use case of lane-change identification and extraction3. The aim is
to identify different variants of lane-change maneuvers solely based on different combi-
nations of primitives.

3.3.1 Primitive domain

The domain of primitives for lane-change maneuvers is defined by dividing the maneuver
into non-overlapping sub states so that the association to any of the primitives is distinct.
This domain is derived from Figure 3.4 that depicts how a lane-change is decomposed into
sub states or primitives in this work. Note that the division must not be too granular
to ensure that the states can be represented unambiguously. But also not too coarse so
that relevant information might be hidden in a state. The decomposition depicted in Fig-
ure 3.4 allows to define different lane-change maneuvers. Furthermore it enables to an-
alyze driver behavior in certain sub states in identified lane-changes and thus might also
serve as a representation for other use cases.

2https://www.hs-emden-leer.de/studierende/fachbereiche/technik/projekte/fasva
3This approach and application for lane-change identification was published in [87]
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Chapter 3 Representation of traffic data with primitives

Each primitive depicted in Figure 3.4 represents the location of the object on the lane.
If the object is in the state Idle, the vehicle’s center is in the middle of the lane. If the
object ismoving towards a lanemarking (left or right) it will eventually change to the state
Approach. The state Cross denotes that the object is crossing the lanemarking and Change
that it is changing towards the destination lane. If the object reaches the state Depart than,
as depicted in Figure 3.4, the majority of the object is in the destination lane. Eventually,
that object keeps moving towards the destination lane so that it enters that lane (in state
Enter) andmaybe reaching the Settle state. This state denotes that the object’s full body
is on the destination lane. If the object is on the center of the destination lane, it will be
again in the state Idle.

Figure 3.4: A lane-change is divided into six sub states representing the primitives.

Remark that the association to a primitive should be distinct in every case. This is, how-
ever, not the case for the primitives shown in Figure 3.4. The distinction between Approach
and Settle, but also Cross and Enter as well as Change and Departmight be difficult. If we
should infer the primitive solely based on the current view on the situation (the scene) it
is hard to state whether an object is either in the state Approach and thus maybe starting
a lane-change or already in Enter and thus finishing a lane-change. That differentiation
can be made based on the past movement, but this leads to the problem of defining the
length of the history to correctly resolve the state for all possible situations.
Instead of keeping track of the past movement to resolve the current primitive, the do-

main of primitives is definedby changing theperspective onFigure 3.4 to a lane-orientation
point of view (see Figure 3.5). That is, the domain of primitives only represents the states
of a lane-change maneuver that relates the vehicle to a lane. This allows to drop the prim-
itives Depart, Enter and Settle since in those three states the majority of the vehicle is
on the destination lane. For instance, if an object is, in the state Enter in Figure 3.4, it will
be in the state Approach in the view of the destination lane. Since the states Approach,
Cross and Change can be decomposed according to the relative position of the object on
the lane (left or right), the domain of primitives D is defined as
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D =

{
D
}
=

{{
Idle, ApproachLeft, ApproachRight,

CrossLeft, CrossRight, ChangeLeft, ChangeRight
}} (3.2)

and depicted in Figure 3.5. For all primitives except Idle the primitive also contains the
information about the relative position on the lane.

Figure 3.5: The sub states of a lane-change maneuver used as domain of primitives.

3.3.2 Primitive context

Although the context of the previously defined domain of primitives in (3.2) was not ex-
plicitly mentioned yet, the proposed lane-orientation point of view implicitly defines it.
That is, the context is the lateral distance to road markings since this is decomposed into
the defined primitives. Note that the vehicle dimension must be known, too. The defini-
tion of this context has the benefit that the proposed approach can be employed to traffic
data independent of the data source. That is, as long as the lateral distances and the vehi-
cle dimension is known, the information could be collected by a vehicle with appropriate
sensors, traffic infrastructure and even drones.
To support situations with arbitrary road and vehicle widths, a transformation is ap-

plied. If the distances to the next left and right lane marking are provided by a vehicle
with appropriate sensors, a lane-change to the next left lane could be represented as in
Figure 3.6. In that figure, the vehicle’s width and the distances are depicted to the next
left 𝑑𝑙𝑐 and next right 𝑑𝑟𝑐 lane from the center of the vehicle. This time-series represents a
left lane-change since the distance to the next left lane 𝑑𝑙𝑐 tends towards zero and jumps
to a distance of approximately 3.5meter. The distance to the next right lane 𝑑𝑟𝑐 moves in
the same direction but jumps from approximately −3.7 to zero meter. The reason for this
behavior is that if the vehicle’s center crosses the left lane marking, than the vehicle is
assumed to be on that lane. Due to that, the signal 𝑑𝑙𝑐 will denote the distance to the left
marking of that new lane and 𝑑𝑟𝑐 to the right marking that was the left one before.
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Figure 3.6: An example lane-change to the next left lane represented with the chosen
features.

This characteristic also defines the value range for both signals— they are limited by the
width of the lane. In fact, for the distance to the next left lane from the vehicle’s center𝑑𝑙𝑐 ,
the value range is defined as [0,𝑤𝑙 ], whereas the distance to the next right lane is [−𝑤𝑙 , 0]
with 𝑤𝑙 denoting the width of the lane. Furthermore, since both signals are measured
from the center of the vehicle, they allow to infer the width of the current lane𝑤𝑙 with

𝑤𝑙 = −𝑑𝑟𝑐 + 𝑑𝑙𝑐 (3.3)
since 𝑑𝑟𝑐 ≤ 0 and 𝑑𝑙𝑐 ≥ 0. In fact, the constant offset between both signals visible in

Figure 3.6 is the width of the current lane.
Instead of using the lateral distances to the next road lane markings, the distance from

the vehicle’s center to the current lane’s center 𝑑𝑐𝑐 is utilized. The motivation of this ap-
proach is also founded in Figure 3.5. Since for all states in the depicted domain, the vehicle
is in the center lane and the actual primitive can be inferred from the lateral distance of
the vehicle to the lane’s center. That is, if the vehicle is in the center of the lane and thus in
the primitive Idle, the lateral distance 𝑑𝑐𝑐 to the lane’s center is close to zero. If the vehicle
moves towards the left lane, the distance 𝑑𝑐𝑐 would also increase until the vehicle’s center
crosses the lane marking.
A schematic overview of the available features and the derived ones is depicted in Fig-

ure 3.7. Information that is assumed to be known is denoted as bold letters, whereas all
other quantities are derived. For now, we focus on the distance to the current lane’s cen-
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wv 𝑑𝑐𝑐𝒘𝑣

𝑤𝑙

𝒅𝑟𝑐

𝑑𝑙𝑐
𝑑𝑙
𝑙

𝑑𝑟𝑟

Figure 3.7: An overview of the available features from the context (in bold) and all other
features that are estimated based on them for primitive modeling.

ter from the vehicle’s 𝑑𝑐𝑐 denoted as the black dot on the front of the vehicle. Based on the
definition of the lane width in (3.3) the distance 𝑑𝑐𝑐 is defined as

𝑑𝑐𝑐 =
𝑤𝑙

2
− 𝑑𝑙𝑐 (3.4)

+
so that 𝑑𝑐𝑐 ∈ [−𝑤𝑙

2 ,
𝑤𝑙

2 ]. Furthermore, 𝑑𝑐𝑐 → −𝑤𝑙

2 if the vehicle moves toward the right
lane and 𝑑𝑐𝑐 → +𝑤𝑙

2 if it moves towards the left lane, following a right-handed coordinate
system with the abscissa being parallel to the lane’s heading. Note that (3.4) can also be
defined using 𝑑𝑟𝑐 by

𝑑𝑐𝑐 =
𝑤𝑙

2
+ 𝑑𝑟𝑐 (3.5)

if the lane width is known. In fact, due to the relation defined in (3.3), the distance 𝑑𝑐𝑐
can be estimated as long as at least two values are known. That is, the distance 𝑑𝑐𝑐 can also
be inferred directly using only 𝑑𝑙𝑐 and 𝑑𝑟𝑐 by inserting (3.3) into, for instance, (3.4) so that

𝑑𝑐𝑐 =
𝑤𝑙

2
− 𝑑𝑙𝑐

=
−𝑑𝑟𝑐 + 𝑑𝑙𝑐

2
− 𝑑𝑙𝑐

= −1
2

(
𝑑𝑟𝑐 + 𝑑𝑙𝑐

) (3.6)

and thus provides a certain degree of flexibility. That is, the appropriate equation needs
to be chosen according to the information that is available. If the information is provided
by a vehicle, information might be missing at certain point in times. Especially if cameras
are used to locate the lane markings, occlusion in the field of view might lead to missing
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information. In that case, the most likely value could be chosen according to the available
information. But this is out-of-scope of this work.
Although we have now derived a distance metric that represents the position of a ve-

hicle in a lane as depicted in Figure 3.5, the problem of changing lane widths still exists.
However, since the lanewidth is already defined in (3.3), this can be solved straightforward
by normalizing the distance 𝑑𝑐𝑐 according to the lane width so that (3.4) becomes

𝑑𝑐𝑐 =
1
𝑤𝑙

2

(𝑤𝑙

2
− 𝑑𝑙𝑐

)
= 1 − 2𝑑𝑙𝑐

𝑤𝑙

(3.7)

which is evident from Figure 3.4 because 𝑑𝑙𝑐
𝑤𝑙
→ 1 if the vehiclemoves to the right border

and 𝑑𝑙𝑐
𝑤𝑙
→ 0 if it moves to the left so that 𝑑𝑐𝑐 ∈ (−1, 1).

The result after transforming the time-series from Figure 3.4 showing the lane-change
to the left using (3.7) is depicted in Figure 3.8. The figure shows the estimated lane width
𝑤𝑙 and the normalized distance 𝑑𝑐𝑐 . The jump in the value range is still present but the
time-series is horizontally flipped compared to Figure 3.4 since a positive value indicates
that the vehicle is on the left side of the lane and a negative on the right side.
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Figure 3.8: The example lane-change from Figure 3.4 represented with the normalized
distance denoting the location of the vehicle in the lane independent of the lane width.

The normalized distance now allows to infer the location of the vehicle in the lane. We
introduce another feature that states whether the vehicle is in the lane or cross any lane
borders to ensure a distinct differentiation. For that purpose, the distances from the vehi-
cle’s left side to the left lane 𝑑𝑙

𝑙
and from the vehicle’s right side to the right lane marking

𝑑𝑟𝑟 are used (see Figure 3.7). The aim is to divide the domain into two subdomains with the
first one representing the vehicle driving within a lane and the second one between two
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lanes. If we assume that the vehicle width𝑤𝑣 is known the distance to the left marking is
defined as

𝑑𝑙
𝑙
= 𝑑𝑙𝑐 −

𝑤𝑣

2
(3.8)

and the distance to the right marking as

𝑑𝑟𝑟 = 𝑑𝑟𝑐 +
𝑤𝑣

2
(3.9)

from the left and right side of the vehicle respectively. They are now employed to indi-
cate that the vehicle crosses any lane marking 𝑐 ∈ {−1, 0, 1} by

𝜅 =


−1 if 𝑑𝑙

𝑙
< 0

1 if 𝑑𝑟𝑟 > 0
0 else

(3.10)

to denote that the vehicle crosses the left𝜅 = −1 or the right𝜅 = 1marking, or is within
the lane𝜅 = 0. Hence, the contexts for the use case of lane-change identification is defined
as

K =

{
k
}
=

{[
𝑑𝑐𝑐
𝜅

]}
(3.11)

using the normalized distance 𝑑𝑐𝑐 from the vehicle’s center to the lane center and a 𝜅 to
indicate the relative position of the vehicle w.r.t the lane.

3.3.3 Transformation of road user trajectory

For the representation of driving data in terms of primitives for the use case of lane-change
identification, a transformation function needs to be defined. This could, for instance, be
a rule-based method that annotates a sample with a primitive based on a set of thresholds
defining the borders between them. Such an approach is, however, sensitive to outliers
in the data and needs to be fine-tuned by an expert to ensure correct values are chosen.
Instead, this study employs a data-driven approach. In particular, to represent a dynamic
system with a discrete state-space, the Hidden Markov Model (HMM) has shown to be an
appropriatemethod and is also utilized byWang et al. [45] in addressing an analogous issue.
Especially, if the system’s internal state is not accessible, but the system emits information
that allows to infer about the hidden states. A HMM is fully characterized by the number
of hidden states, the transition likelihood matrix and the parameter of the Gaussians or
Gaussian Mixture Model (GMM) used for transmission modelling. The latter is dependent
on the information emitted by the system. Since the distance to the lane marking is a
continuous signal and used to infer the primitive, Gaussians are usually employed [84].
The transition matrix denotes the likelihood to transition from a state at the current time
to another state in the next time step. This is useful in this use case, since the transitions
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between the primitives are not equally likely. For instance, a transition from the state Idle
to Change should be less likely than from Idle to Approach.
For using the HMM in this use case, the model parameters need to be defined. Instead

ofmanually defining the transition probabilities between the states and the parameters of
the Gaussians, we employ a data-drive approach and derive them from a collected dataset
using the Baum-Welch algorithm [84] which also allows to apply the approach in differ-
ent use cases. For demonstration, an exemplary drive on a motorway with a duration of
fifteen minutes is selected which contains 39 lane-changes. The distribution of the nor-
malized distance for that sequence is depicted in Figure 3.9. Noteworthy is, that the object
in that sequence tend to drive on the left hand side of the lane since the distribution is not
symmetrical around a distance of zero. In fact, the probability to drive on the right hand
side is approximately 0.35 in this dataset. Although this might be the case only for this
example, we will handle this asymmetric characteristic.
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Figure 3.9: The distribution of the normalized distance for the example test drive. Blue:
The probability density function. Orange: The cumulative distribution function.

As depicted in Figure 3.5 the domain consists of seven primitives. To overcome the po-
tential problem of having an non-symmetrical distribution, we will drop the left and right
variants for each primitive. That is, we will, at first, cluster the distribution into the four
primitives

D =
{
Idle, Approach, Cross, Change

} (3.12)
and recover direction for each primitive after the clustering. For that purpose, we use the
absolute values of the context defined in (3.11) to estimate the HMM parameters using
the Python library hmmlearn4. In Table 3.2 the estimated parameters for an HMM with
Gaussian emissions is shown. That is, the transition probabilities between the states are
given, whereas the primitives (hidden states) are represented as numbers. For every row,
the probability to change to any other state is stated. The diagonal of the transitionmatrix
denotes the probability to stay in the current state. Since the emissions aremodelled with

4https://github.com/hmmlearn/hmmlearn
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Table 3.2: The HMM parameter estimated from the example driving sequence with four
internal states representing the primitives.
Primitive Transition probability Mean

0 1 2 3 𝑑𝑐𝑐 𝜅

0 51.47 23.86 0.00 24.67 0.81 ± 0.04 1.00
1 17.23 82.14 0.00 0.63 0.95 ± 0.04 1.00
2 0.00 0.00 98.48 1.52 0.12 ± 0.08 0.00
3 1.00 0.08 1.82 97.11 0.39 ± 0.11 0.00

Gaussians, the components’ means are given. Note that only the standard deviation for
the normalized distance is depicted for visualization purpose, since the other covariances
are close to zero which fits to our expectations for this use case.
Given the trained HMM we can transform the trajectory X into the domain of primi-

tives using the Viterbi algorithm [84]. That is, if k1, . . . , k𝑇 is the trajectory in the context
defined in (3.11), let𝑔 : k→ L be themapping of the context k to a primitive label fromL
with L = (0, 1, . . . , |D| − 1) as a tuple of primitive labels, the realization of 𝑔 is the Viterbi
algorithm. The result of applying the Viterbi algorithm to the example dataset is visual-
ized in Figure 3.10. The distribution of the normalized distance 𝑑𝑐𝑐 for each primitive is
depicted as violinplots with each density function cut by the maximum value in the clus-
ter. Note that the primitives are represented as numbers as in Table 3.2. The asymmetrical
distribution is also visible in this figure especially for the first two primitives.
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Figure 3.10: The distribution of the normalized distance for each primitive after
applying HMM on the example test drive. The violinplot shows the density of a category.
All clusters are bimodal except the primitive labeled with 2 which is unimodal.

The primitives in the HMM are represented as numbers. Since the emissions are mod-
elled with Gaussians, which initial parameters are typically estimated using 𝑘-means, the
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labels may change for different training runs. Due to that, the correct label of each prim-
itive needs to be estimated, i. e., we need to recover the correct semantic of each label.
This is mandatory for follow-up steps in which we want to infer maneuvers based on their
signatures defined in primitives domain. If the states of the HMM do not match to the
primitives that we have defined, the maneuver signatures will not match as well. But,
since those signatures are used formaneuver classification, wemust ensure that the HMM
states match with the primitive domain. Otherwise, robust maneuver classification is not
possible.
To recover the correct semantic, we use the natural ordering of the primitive domain

in terms of the lateral position of the vehicle in the lane. That is, let 𝜇 = 𝜇0, 𝜇1, . . . , 𝜇 |D |−1
be the mean absolute normalized distances for the HMM’s hidden states as depicted in
Table 3.2, so that 𝜇𝑖 is the mean of the 𝑖th hidden state and 𝑖 ∈ L denotes the primitive
label in Table 3.2. LetL+ be the correct labels, we seek finding amapping 𝑓 : L → L+ that
relates every HMM label to the label giving the index of the correct primitive inD defined
in (3.12). If we derive L+ by

L+ = arg sort 𝜇 (3.13)
with arg sort giving the index of the means 𝜇 sorted in ascending order, 𝑓 (𝑖) = L+𝑖 is a
mapping between the primitive label 𝑖 to the 𝑖th component in L+. For this example, the
tuple of correct primitive labels is L+ = (2, 3, 0, 1) without specifying the direction of the
primitive, so that, for instance 𝑓 (2) = 0 would associate the HMM label 2 with the label 0.
That is, the HMM state labeled with 2 would be related to the state Idle if it is used as an
index for D from (3.12). This allows to review the HMM state transition matrix with the
correct primitive. In Figure 3.11 the trained HMMwith states represented in the primitive
domain is illustrated. The nodes represent the HMM states and the connecting arrows the
transitions between the states. For every transition, the probability is illustrated, while
only transitions are shown with a probability greater than zero.
The fact that road users stay in a primitive for a longer period of time is also visible

in the network as illustrated by the self referencing arrows in Figure 3.11. For instance,
the probability 𝑃 (Idle|Idle) of staying in the state Idle is 98.48% and the probability
𝑃 (Approach|Approach) of staying in the Approach state is 97.10%.
If the road user starts in the state Idle, the typical path for a lane-change would be

Idle → Approach → Cross → Change. However, the representation of the HMM as a
network in Figure 3.11 uncovers an alternative path. If the road user is in the state Ap-
proach, there is a small chance to directly transition to the state Change and not visiting
the state Cross. However, with a probability of 𝑃 (Change | Approach) = 0.08% for the path
from Approach to Change this is, compared to the usual path from Approach to Crosswith
a probability of 𝑃 (Cross | Approach) = 1%, quite unlikely. This alternative path also exists
for the path from Change to Approach. But, this case is even more unlikely with a proba-
bility of 𝑃 (Change | Approach) = 0.63% compared to the path 𝑃 (Cross | Change) = 17.22%.
The primitive domain in (3.12) lacks information about the lateral primitive direction,

which is, however, mandatory to differentiate between a lane change to the left and right.
To recover the directional information, the bimodal characteristic of each cluster’s dis-
tribution (see Figure 3.10) is employed. That is, 𝑘-means is employed to partition the set
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Figure 3.11: The HMM state transmission probabilities with state numbers replaced by
the correct primitive.

of normalized distances for each primitive into two sub-clusters. That is, if 𝜇1
𝑙
, 𝜇2

𝑙
are the

means after clustering with 𝑘-means so that 𝜇1
𝑙
> 𝜇2

𝑙
and 𝑙 = 𝑓 (𝑔(k)) the label 𝑙 ∈ L+

of the primitive, we can finally define the transformation function for representing the
trajectory X into the domain of primitiveY using the primitive context with directional
information as

𝑦 = 𝑡 (k) =
{
−𝑙 if 𝑙 > 0 ∧ |k1 − 𝜇1

𝑙
| ≥ |k1 − 𝜇2

𝑙
|

𝑙 else (3.14)

where k1 denotes the first component of the primitive context vector and thus the nor-
malized distance𝑑𝑐𝑐 . Hence, the directional information of the primitives is encoded in the
sign of the primitive label.
For the example drive, the normalized distance distribution after applying (3.14) is de-

picted in Figure 3.12. Each label on the ordinate is replaced with the correct primitive
name, i. e., the correct semantic is recovered. Furthermore, the samples of the primitives
Approach, Cross and Change are further classified according to their direction as indicated
by the different colors.

3.3.4 Maneuver classification based on primitives

So far, we have defined the context and domain for our use case of lane-change identi-
fication and derived a function that annotates a sample from a dataset of driving data
with the primitive of the domain. Hence, the dataset can be represented in the domain of
the context. Since the aim is to derive maneuvers from the primitives and identify those
maneuvers in the dataset, we need to define the maneuversM that should be identified.
Furthermore, we have to identify the maneuvers in the data since multiple maneuvers
may exist. These issues are addressed in the following.
For this case study, the aim is to identify lane-changes to the left and to the right lane.

In the domain defined in (3.2) the maneuvers can be represented with the primitives as
depicted in Figure 3.13. The figure shows the evolution of a vehicle performing a lane
change from left to right. The top row shows a typical path for a left lane change with the
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Figure 3.12: The distribution of the normalized distance for each primitive after
clustering into the primitives of the domain defined for this context. The direction of a
primitive is color-encoded and the labels are replaced with the name of the primitive.

destination lane being left of the initial lane. The bottom row of Figure 3.13 shows a typical
path for a right lane change with the destination lane being right of the initial lane.
Remark that each primitive is represented with a label 𝑦 ∈ {0, 1, 2, 3} and the direc-

tion of a primitive is denoted in the sign of the label as defined in (3.14). Due to that,
the signature of a lane-change to the left can be represented with the sequence of la-
bels𝑚1 = (0, 1, 2, 3,−3,−2,−1) and the signature of a lane-change to the right with𝑚2 =

(0,−1,−2,−3, 3, 2, 1) so that the set of maneuvers is defined as

M =
{
m1,m2

}
=

{
(0, 1, 2, 3,−3,−2,−1),

(0,−1,−2,−3, 3, 2, 1)
} (3.15)

for the identification a lane-change to the left and to the right.
The trajectory may contain multiple incidents of the maneuvers of interest. In fact, the

example trajectory that is used in the previous section is depicted in Figure 3.14 as scat-
terplot in the domain of primitives, illustrating the potential existence of multiple ma-
neuvers. Each sample of the dataset is represented as a transparent point to indicate the
duration within a primitive. Overall, the vehicle is in the states Idle and ApproachLeft
most of the time. But, it also leaves these states and even changes the lanes as denoted in
the ChangeLeft and ChangeRight rows in Figure 3.14. Since the aim is to identify all ma-
neuver incidents, the transition between the latter states are of special interest, while the
information of the vehicle being in the state Idle is not relevant for lane-change identifi-
cation. Hence, we will partition that dataset into sequences that contains those potential
lane-change maneuvers and verify their existence afterwards using the maneuver signa-
tures.
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Figure 3.13: The lane-change to the left and right maneuvers represented as primitives
from the defined domain.

For the partitioning of a trajectory based on the primitives, the absolute primitive label
is employed. For the example lane-changemaneuver, the signal of absolute primitive label
is depicted in Figure 3.15. At the beginning of the sequence, the vehicle is in the state
Approach. After approx. five seconds the vehicle moves towards the left lane and enters
the state Cross, changes the lane until 2:11pm where it reaches the Approach state again.
The aim is to find that interval in the given sequence.
Since we are only interested in the sequences where the vehicle actually crosses the

lane, we split up the dataset into sequences with all labels of that sequence greater than
a defined minimum primitive label 𝑙𝑚𝑖𝑛 and each sequence contains the primitives labels
of the maneuver’s signature. These properties of the sequences can be defined formally.
That is, let Y = Y1,Y2, . . . be the sequences of the trajectory in the primitive domain Y
after partitioning. The following must hold for a sequenceY𝑘

∀𝑦 ∈ Y𝑘 , |𝑦 | ≥ 𝑙𝑚𝑖𝑛 (3.16)

regarding the minimum primitive label 𝑙𝑚𝑖𝑛 and

∀𝑙 ∈ m∗ (∃𝑦 ∈ Y𝑘 , 𝑦 ≡ 𝑙) (3.17)

regarding the existence of the primitive labels in the maneuver signature, with m as the
maneuver’s signature.
The result for the example lane-change by applying (3.16), (3.17) is depicted in Fig-

ure 3.16 for 𝑙𝑚𝑖𝑛 = 1 and 𝑙𝑚𝑖𝑛 = 2. Note that the selection of 𝑙𝑚𝑖𝑛 impacts the length of
the extracted sequence. For 𝑙𝑚𝑖𝑛 = 1 the sequence also contains the interval before the ac-
tual lane-change, whereas a 𝑙𝑚𝑖𝑛 = 2 only covers the interval where the vehicle transitions
between the lanes.
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Figure 3.14: The example dataset represented in the domain of primitives for
lane-change identification.
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Figure 3.15: The example lane-change maneuver represented with the normalized
distance and the absolute primitive label.

The trajectory Y is partitioned into the sequences Y1,Y2, . . ., with each sequence Y𝑘

potentially containing a maneuver signature. The final step is to infer the correct maneu-
ver for each sequence, i. e., perform a classification w.r.t the maneuvers of interest. Since
every maneuver is defined in the domain of primitives by its signature, we can employ
supervised-learning for maneuver classification. In the following, we use the minimum
distance classifier to associate a sequence with one of the a priori defined maneuvers via
their signatures. Formally defined, ifY𝑘 is a sequence after partitioning andm∗ the cor-
rect maneuver, the supervised classification problem using the minimum distance classi-
fier is defined as

m∗ = argmin
m∈M

d(Y𝑘 ,m) (3.18)

with 𝑑 (Y𝑘 ,m) as a function giving the distance between the sequence Y𝑘 in the prim-
itive domain and the maneuver’s signature m. Choosing the correct distance function
for this problem is, however, not trivial. The length of the maneuver signatures may not
equal to the length of the sequence. Therefore, a variant of the Minkowski distance, e. g.,
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Figure 3.16: The partitioning result for the example lane-change maneuver. Top: The
minimum absolute driving primitive label 𝑙𝑚𝑖𝑛 = 1. Bottom: A minimum absolute
primitive label 𝑙𝑚𝑖𝑛 = 2. The selection of 𝑙𝑚𝑖𝑛 defines the length of the extracted
sequence.

the Euclidean distance or Manhattan distance, cannot be employed although it is usually
used [81, p. 705]. Instead, if we view the maneuver signature as a time series we can em-
ploy methods for time-series comparison. Although different methods exist in literature
for that task as discussed by [88], we propose to use DTW since it allows to compare two
time series of different length by "both ignoring global and local shifts in the time dimen-
sion"[86] and it provides a warped variant of the time series. That is, it not only returns
a distance between the two time series, but also a new time series aligned to the signa-
ture of the maneuver. An example lane-change sequence is illustrated in Figure 3.17 with
the warped maneuver signaturesm1,m2 and the sequenceY using DTW. The time series
of m1 mostly matches with the sequence Y, while the m2 only partially overlaps with it
indicating that the sequence represents lane change to the left.
Thepartitioned sequencesmay include anyof themaneuvers forwhich signatureswhere

created. However, this must not always be the case. To ensure that the sequence really
represents any of the maneuvers defined, an upper-limit distance 𝑑𝑚𝑎𝑥 is specified using
primitive labels. This distance is employed as threshold so that a sequence is only consid-
ered for further analysis if

∃m ∈ M, d(Y𝑘 ,m) ≤ 𝑑𝑚𝑎𝑥 (3.19)
holds for the sequenceY𝑘 and the set of maneuversM. The maximum distance is de-

rived from the sequence of primitive labels and the current primitive domain D. That is,
letU be a discrete uniform distribution of the domain of primitives and 𝑋𝑡 = |𝑦𝑡 − U| a
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Figure 3.17: The warped maneuver signatures using DTW ofm1 andm2 w.r.t the
sequenceY in the domain D of primitives.

random variable as the absolute difference between the primitive 𝑦𝑡 ∈ Y and the distri-
butionU. Then, the expected distance 𝜖𝑡 of 𝑋𝑡 is defined as

𝜖𝑡 = 𝐸 (𝑋𝑡 ) =
D∑︁
𝑙

| (𝑦𝑡 − 𝑙) | · 𝑃 (U = 𝑙) (3.20)

where𝑃 (U = 𝑙) denotes the probabilitymass function of the discrete uniformdistribution
at each primitive 𝑙 . The definition of the expected distance in (3.20) is employed to define
the maximum distance 𝑑𝑚𝑎𝑥 as

𝑑𝑚𝑎𝑥 =

𝑇∑︁
𝑡

𝜖𝑡 =

𝑇∑︁
𝑡

𝐸 (𝑋𝑡 ) =
𝑇∑︁
𝑡

D∑︁
𝑙

| (𝑦𝑡 − 𝑙) | · 𝑃 (U = 𝑙) (3.21)

with𝑦𝑡 ∈ Y. That is, the maximum distance is the sum of the expected distances over the
sequenceY. The sum is used to ensure that 𝑑𝑚𝑎𝑥 has the same scale as the result of DTW
for proper comparison.
An example is depicted in Figure 3.18 for the lane-change to the left maneuver shown

in Figure 3.16. The sequence was shorten for demonstration purpose to start and end in
the primitive Approach.
The cell diagram at the bottom of Figure 3.18 depicts the manhattan distance between

the primitive label of the sequence and every primitive of the domain per column. On the
ordinate, the primitive labels of the sequence are shown. It should be noted that the vehi-
cle can remain in a primitive for an arbitrary duration, justifying the use of DTW for time
series comparison in this use case. The abscissa represents the primitive labels of the do-
main. The manhattan distance between the primitive in the sequence and the domain is
color encoded from bright to dark. The top diagram of Figure 3.18 represents the distance
between the warped maneuver signatures for the lane change to the leftm1 and rightm2
using DTW and the sequence. Moreover, the series of expected distances 𝜖 = 𝜖1, . . . , 𝜖𝑇 is
illustrated as a baseline. On the ordinate, the distance between the primitive label of the

52



3.3 Case study: Identification and extraction of lane-change maneuvers

sequence and the maneuvers are depicted. A small distance indicates a good match be-
tween the maneuver signature and the sequence, which is a necessary property for (3.18).
For this example, the distances between the maneuver signatures and the sequence are
𝑑 (m1,Y) = 1.0, 𝑑 (m2,Y) = 34.0, whereas the maximum distance is 𝑑𝑚𝑎𝑥 = 39.14. The
only matching error of 𝑔𝑙𝑠𝑀𝑎𝑛𝑒𝑢𝑣𝑒𝑟 1 occurs at the end of the maneuver, where the se-
quence changes from the primitive label −2 to −1 and back to −2. This can typically occur
in real-world data, e.g., due to sensor measurement noise. Nevertheless, the property of
(3.19) holds for this sequence and according to (3.18) the sequenceY is correctly classified
as a left-turn maneuver.

1 2 2 3 3 3 -3 -3 -3 -2 -2 -2 -1 -2 -1 -1

primitive label in time-series Y

-3
-2

-1
0

1
2

3

p
ri

m
it

iv
e

la
b

el
in

d
o
m

a
in
D

0

1

2

3

4

5

6

0
1

2
3

4

d
is

ta
n

ce

ε m1 m2

Figure 3.18: Visualization of matching distances using Dynamic Time Warping (DTW).
The manhattan distance between each label in the domain D and the label in the
sequenceY visualized as a cell plot (bottom) and the difference between the warped
maneuvers as line plots (top) form1 andm2 and the expected distance 𝜖 as a baseline
reference.

For the example lane-change depicted in Figure 3.16 with different 𝑙𝑚𝑖𝑛 the distance
𝑑𝑚𝑎𝑥 is 218.14 for 𝑙𝑚𝑖𝑛 = 1 and 56.57 for 𝑙𝑚𝑖𝑛 = 2 due to the shorter sequence. The distances
𝑑 (𝑠1, 𝑌 ) for both variants 𝑙𝑚𝑖𝑛 = (1, 2) are (0.0, 2.0) and for 𝑑 (𝑠2, 𝑌 ) are (87.0, 51.0). Hence,
that sequence is also correctly classified as left lane-change.

3.3.5 Results and discussion

In this chapter, amethodology for a driving-primitive based representation of driving data
was proposed. The use case of lane-change identification based on primitives served as a
proof-of-concept. To verify the robustness and accuracy of the approach for lane-change
identification, an evaluation is conducted in the following. For that purpose, a dataset of
manually annotated lane-changes is used and the extracted maneuvers by the proposed
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method are compared to the ground truth lane-changes. The impact on the results of
the domain verification step defined in (3.17) and the minimum primitive label 𝑙𝑚𝑖𝑛 for
partitioning are also analyzed.

Dataset

For the evaluation of the approach for lane-change identification, a dataset from the FASva
project is used [89]. That dataset consists of a single trajectory on amotorwaywith a dura-
tion of 2.5 hours. In that dataset, the vehicle performs 205 lane-changes in total with 101
left and 104 right lane-changes. These lane-change were labelled manually by inspecting
the images of the front-facing camera.
For each lane-change, the start and end times were annotated as shown in Figure 3.19,

which is an example trajectory of a vehicle performing a left lane-change. In this work,
the start of a lane-change is defined as that moment where the vehicle’s heading changes
towards the target lane. The end of the maneuver is in this work defined as that moment
where the vehicle is on the target lane and the vehicle’s heading is aligned to the lane’s
heading. In case of multiple consecutive lane-changes, the end of the first and start of the
second maneuver is that moment where the vehicle is in the center of the lane.

start

end

maneuver

Figure 3.19: An example trajectory of an object performing a left lane-change. The
manually annotated lane-change start and end times define the ground truth maneuver
interval.

For the identification of lane-changes, the already derived parameters using the shorter
sequence are used (see Table 3.2 for the HMM parameters). The interval of an extracted
maneuver is determined by the sequence that is provided by the partitioning step de-
scribed in Section 3.3.4 and is thus dependent on the 𝑙𝑚𝑖𝑛 parameter. Due to that, a com-
parison of maneuver interval duration will also be conducted the following.

Metrics

For the quantitative analysis of the approach, the manually labelled set of lane-changes
is compared to the set of lane-changes derived by the proposed method. By interpreting
a lane-change maneuver as interval, the performance of the approach can be expressed
quantitatively with metrics typically used to evaluate machine learning methods. That is,
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amaneuver is correctly identified, a true positive, if themaneuver interval overlapswith the
ground truth interval. A maneuver that is not associated to any manually labelled lane-
change is marked as a false positive. All ground truth lane-changes having no associated
lane-changes are false negatives. Those metrics can be combined into precision and recall
[90] with the precision defined as

precision =
true positive

true positive + false positive (3.22)

and thus denoting the relation between the correctly identified lane-changes to the
overall annotated lane-changes. That is, a precision of close to one denotes that all of the
identified lane-changes really exist. However, that metric cannot be used alone since it
does not contain information about how many of the actually available lane-changes in
the dataset are found by the algorithm. For that purpose, the recallmetric is used which is
defined as

recall =
true positive

true positive + false negative (3.23)

and thus relating the correctly identified lane-changes to the total number of available
lane-changes in the dataset. Bothmetrics defined in (3.22) and (3.23) can be combined into
a single metric, the f1-score defined as

f1-score = 2 · precision · recallprecision + recall (3.24)

which is used in the following for qualitative analysis.
The dataset partitioning into sequences according to the minimum primitive label 𝑙𝑚𝑖𝑛

impacts the extracted maneuver intervals (see Figure 3.16). Due to that, the accuracy of
the approach is also evaluated in terms of the alignment of the correctly extracted to the
manually annotatedmaneuvers. An example is depicted in Figure 3.20 showing a left lane-
change with the manually annotated interval reference and the extracted interval. In this
work, the accuracy of maneuver interval extraction is related to the overlap between the
extracted interval to the reference interval. As for the lane-change identification analysis,
the precision, recall and f1-scoremetric can also be employed for evaluation. Therefore, let
the true positive (tp) be the number of samples in the extracted interval that are also part
of the reference interval. The false positives (fp) are the samples in the extracted interval
that are not part of the reference interval. All samples of the reference interval that are
not part of the extracted interval are considered as false negatives (fn).

Results

The results of lane-change identification are shown in Table 3.3. To study the effect of
the domain verification step defined in (3.17) and the dataset partitioning on the perfor-
mance of lane-change identification, the results for different combination are shown. For
the dataset partitioning, 𝑙𝑚𝑖𝑛 is chosen as either one or two since with a minimum label
of 𝑙𝑚𝑖𝑛 = 0 the dataset will not be partitioned and the sequences using 𝑙𝑚𝑖𝑛 = 3 would
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start

end

reference

start

end

extracted

fn tp fp

Figure 3.20: An example trajectory of an object performing a left lane-change with the
manually annotated and the extracted maneuver interval.

represent only the transitioning phase of the lane-change. The rows denoted with verified
represent the results with and unverified without domain verification.
The experiment shows that partitioning the sequence according to a minimum prim-

itive label significantly affects the overall performance. A sequence partitioned with a
primitive label of 1 (the state Approach) results in fewer correctly identified lane change
maneuvers than with a primitive label of 2 (the state Cross). Moreover, the likelihood in-
creases of extracting lane change maneuvers that do not occur. This is indicated with a
slight reduction of precision for 𝑙𝑚𝑖𝑛 = 1. The domain verification mitigates this problem
and ensures that only valid maneuvers are extracted. This more robust extraction comes
at the cost of fewer maneuvers being extracted, as indicated by a slight decrease of recall.
Those invalid sequence lack some of the primitives. That this can potentially occur was
already indicated by the trained HMM transmission probabilities depicted in Figure 3.11.
Due to the bidirectional connection between the primitives Approach and Change, there
is a chance to skip the state Cross at all. Thus, if the sequence does not contain the state
Cross, it will not be considered for classification.
In summary, the combination of 𝑙𝑚𝑖𝑛 = 2 and no domain verification provide the highest

f1-score of 0.988. That is, only five lane-changes were not identified leading to a recall of
0.976, whereas all extracted lane-changes are correct as denoted with zero false positives
and a precision of 1.000.

TP FN FP Precision Recall F1-score
𝑙𝑚𝑖𝑛

unverified 1 173 32 11 0.940 0.844 0.889
2 200 5 0 1.000 0.976 0.988

verified 1 167 38 0 1.000 0.815 0.898
2 197 8 0 1.000 0.961 0.980

Table 3.3: The evaluation results of lane-change identification with and without domain
verification and different minimum primitive labels for partitioning.
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The sequence partitioning using a minimum primitive label affects the length of the
sequences. To investigate whether the extracted maneuvers using the two minimum la-
bels (1, 2) match with a human-extracted (reference) lane change interval, the duration
and the extracted intervals are analyzed with themanually created reference intervals. In
Figure 3.21 the duration distribution of the correctly extracted and their associated ref-
erence maneuvers are depicted for 𝑙𝑚𝑖𝑛 = 1 and 𝑙𝑚𝑖𝑛 = 2 with domain verification. The
duration probability density function of 𝑙𝑚𝑖𝑛 = 2 is significantly denser around the mean
duration of 2.08 ± 0.89 seconds as compared to 𝑙𝑚𝑖𝑛 = 1 with a duration of 6.71 ± 7.18. In
summary, lane change maneuvers extracted with a primitive label of 1 tend to be longer
than with a primitive label of 2. This is compatible with our expectations sincemaneuvers
extracted using a lowerminimum primitive label representmore states of the lane change
maneuver.
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Figure 3.21: The distribution of the extracted and reference lane-change maneuvers.
Left: The result for partitioning with 𝑙𝑚𝑖𝑛 = 1. Right: The distribution after partitioning
with 𝑙𝑚𝑖𝑛 = 2.

The experiments also indicate that the extractedmaneuvers tend to be shorter than the
reference maneuvers. The Table 3.4 shows the mean duration and the standard deviation
for the correctly extracted and their associated reference lane changes. There is a signif-
icant difference of approx. 4.4 seconds between the mean duration for 𝑙𝑚𝑖𝑛 = 2 and their
reference lane-changes having a mean duration of 8.469 ± 3.287 seconds. This deviation
is closer for 𝑙𝑚𝑖𝑛 = 1 with a mean duration difference of approx. 1.9 seconds compared
to the reference lane change. But, there is a higher variation of maneuver lengths with
a standard deviation of 7.186 which is more that two times higher than the deviation of
the reference maneuver durations. This could occur because of a vehicle staying in the
state Approach for a longer period. While the extracted maneuver includes this phase, the
reference maneuver may only contain the actual maneuver. Thus, maneuvers extracted
with different primitive label represent different aspects of the actual lane change.
To investigate what phases of the actual lane change the extracted intervals represent,

the maneuvers in light of the Figure 3.20 are analyzed. The distribution on a per lane
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duration in seconds
𝑙𝑚𝑖𝑛 mean std

extracted 1 6.718 7.186
2 2.085 0.890

reference 8.662 3.428

Table 3.4: The mean duration and standard deviation of correctly extracted
lane-changes and their associated reference lane-changes.
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duration in seconds
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fn

lmin = 1

lmin = 2

reference

Figure 3.22: The distribution of the correctly extracted lane-change parts for 𝑙𝑚𝑖𝑛 = 1,
𝑙𝑚𝑖𝑛 = 2 and the reference lane-changes for comparison. Each lane change is split up into
tp, fp and fn according to Figure 3.20.

change basis is illustrated in Figure 3.22 as letter-value plots, with the duration distribu-
tion of the reference lane changes depicted in green in the tp row for comparison. The
experiment shows that maneuvers extracted with 𝑙𝑚𝑖𝑛 = 1 have a significantly higher
overlap with the reference lane changes as with 𝑙𝑚𝑖𝑛 = 2 (see tp row). This comes at the
cost of including parts of the trajectory that are not in the reference lane-changes (see fp
row). That is, although the medians of 𝑙𝑚𝑖𝑛 = 1 and 𝑙𝑚𝑖𝑛 = 2 for fp are both close to zero,
using 𝑙𝑚𝑖𝑛 = 1 leads to a higher number of outliers. Moreover, due to the fact that intervals
extracted with 𝑙𝑚𝑖𝑛 = 1 tend to be longer than with 𝑙𝑚𝑖𝑛 = 2, they tend to contain a higher
portion of the actual maneuver (see fn row). This is also depicted in Figure 3.23 show-
ing the Recall, Precision and F1-score based on (3.23), (3.22) and (3.24). In this context, recall
denotes the fraction of the correctly extracted lane-change interval compared to the refer-
ence lane-change. That is, the higher the Recall, the more of the actual lane-change is part
of the extracted one. Precision, in turn, relates the fraction of the extracted lane-change
that is part of the actual lane-change to the overall extracted lane-change. A higher Preci-
sion thusmeans that the extracted interval has a high overlap with the actual lane-change.
The higher amount of outliers for 𝑙𝑚𝑖𝑛 = 2 is present in the Precision row. Furthermore,
Figure 3.23 highlights the overall higher overlapping between the extracted and reference
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lane-changes with a significantly higher Recall for 𝑙𝑚𝑖𝑛 = 1. This also has an impact on the
overall performance of lane-change extraction as represented by the f1-score with a mean
f1-score = 0.591 ± 0.149 for 𝑙𝑚𝑖𝑛 = 1 and f1-score = 0.405 ± 0.109 for 𝑙𝑚𝑖𝑛 = 2.

0.2 0.4 0.6 0.8 1.0

value

Recall

Precision

F1-score

lmin = 1 lmin = 2

Figure 3.23: The evaluation results of the extracted lane-change intervals compared to
the reference lane-changes denoting the overlap between extracted and reference
lane-changes

An example outlier visible in the Precision row in Figure 3.23 aswell as in the fp row in Fig-
ure 3.22 is depicted in Figure 3.24. That extracted lane change contains approx. 35 seconds
that are not part of the reference lane-change (see rightmost marker in fp of Figure 3.22).
The Figure 3.24 shows the normalized distance𝑑 , absolute normalized distance |𝑑 | and the
primitive label. The reason for this high deviation between the reference lane-change and
the extracted lane-change is because of the vehicle staying in the Approach state after the
lane-change. Since the vehicle’s heading recovers to the target lane after the actual lane-
change, the end of the maneuver was, however, already annotated after the peak close to
the moment where the vehicle enters the Approach state. Although this is arguable since
the vehicle changes to the Idle state after staying for this period of approx. 35 seconds
in the Approach state, it is consistent with the definition of the end of a maneuver used in
this work.
In summary, it was shown that robust maneuver identification is possible by represent-

ing a lane change maneuvers with primitives and classify maneuvers by defining their
signatures in the domain of primitives. Moreover, the experiment shows that maneuver
extraction based on the primitives has shown to be sensitive to the sequence partitioning.
A more complete representation of the reference maneuver (with 𝑙𝑚𝑖𝑛 = 1) comes at the
cost of including parts of the trajectory that are not part of the actual maneuver. In con-
trast, extracting maneuvers with the aim of having sequences representing a part of the
actual maneuver (with 𝑙𝑚𝑖𝑛 = 2) limits the ability to capture the entire maneuver. These
properties must be taken into account for the respective application.
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Figure 3.24: An example lane-change extracted with 𝑙𝑚𝑖𝑛 = 1 showing the sensitivity of
the label-based dataset partitioning method. The right part of the identified lane-change
overshooting the actual lane-change has a duration of approx. 35 seconds.

3.4 Case study: Route estimation on an urban intersection

The following studywill demonstrate the approachof representing real-world driving data
with primitives for the use case of classifying traffic participants driving route on an ur-
ban intersection represented using the OpenDRIVE format. That is, it will be shown how
to estimate the route that motorized road users follow on an urban intersection using the
presented approach and combined with the results of the approach wewill present in Sec-
tion 4, how to classify traffic participant’s routing maneuver on urban intersections. The
overall approach is illustrated in Algorithm 1, which we will present in the following5.

5Parts of the presented approach are published in [89].
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Algorithm 1 Route estimation on an urban intersection.
Input: TrajectoryX, domain D
Output: Route 𝑃
1: 𝐷 ← Initialize an instance of DAGMaR
2: for all pose x𝑡 of trajectoryX do
3: 𝑟 1, 𝑟 2, . . . , 𝑟 |V | ← roads in the vicinityV(x𝑡 ) ⊂ D of the pose x𝑡

// Perform map matching of the current pose
4: x∗1, x

∗
2, . . . , x

∗
|V | ← projected poses of x𝑡 to roads 𝑟 1, 𝑟 2, . . . , 𝑟 |V |

// Compare the object pose with the projected poses
5: L(x∗1 | x𝑡 ),L(x∗2 | x𝑡 ), . . . ,L(x∗|V | | x𝑡 ) ← likelihood of the projected poses

// Iteratively build DAGMaR
6: update DAGMaR𝐷 with roads 𝑟 1, 𝑟 2, . . . , 𝑟 |V | , the projected poses x∗1, x∗2, . . . , x∗|V | and

their mapping likelihood L(x∗1 | x𝑡 ),L(x∗2 | x𝑡 ), . . . ,L(x∗|V | | x𝑡 )
7: end for
8: 𝑃 ← The longest path in DAGMaR 𝐷 from the most likely road at 𝑟 𝑡=1 to 𝑟 𝑡= |X |

3.4.1 Primitive domain

To represent the traffic participant in the domain of primitives, it first needs to be defined.
In this study, it is assumed that, if a road user is on a road connecting two intersections, it
is straight forward to identify the road that the traffic participant is on. Hence, the focus
is on route estimation when the traffic participants crosses an intersection. Thus, the
domain of primitives is defined w.r.t the intersections of that road network and all other
roads are neglected. For instance, the domain of primitives for the intersection depicted
in Figure 3.25 is the set of incoming, connecting and outgoing roads. In OpenDRIVE, every
road has a unique number for identification purpose. Hence, the domain of primitive is
defined as

D =
{
𝑟1, 𝑟2, . . . , 𝑟𝑁

} (3.25)
and represents the set of all roads that traffic participants use to cross the intersection
with 𝑟 ∈ D as a unique road number.

3.4.2 Primitive context

To associate a road user’s pose to a primitive, or road in this use case, we employ map
matching. There exists various variants in literature for this process. A typical approach is
to use the location and evaluate with which road of a network the road user is associated
to. We will follow this strategy and use the road user’s location and orientation informa-
tion. Since we will evaluate this association for all poses, we perform a road search (see
Algorithm 1:3) in the proximity of the road user’s current pose and project the pose onto
all roads (see Algorithm 1:4). Those projected poseswill be used to compare the road user’s
pose against the projected ones.
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Figure 3.25: The DLR AIM research intersection and the reference lines of its digital
representation in OpenDRIVE format.

The context for this use case is defined by the orientation deviation and distance be-
tween the road user’s pose and the projected poses as illustrated in Figure 3.26. The left
panel shows the trajectory of the road user and two roads represented by their reference
line. The right panel shows the road user’s pose x𝑡 , the projected poses x∗1, x∗2 and the con-
text. Formally defined, let a pose x𝑡 of the road user’s trajectory X be redefined based on
(2.2) as

x𝑡 =
[
p 𝜔

]𝑇 (3.26)
at time 𝑡 , with the position denoted as p = [𝑢, 𝑣]𝑇 in UTM coordinate system (see Sec-
tion 2.1.2). The orientation is given as𝜔 ∈ (−𝜋, 𝜋] with𝜔 = 0 pointing east, increasing in
counter-clockwise direction. Furthermore, let X∗ be the trajectory of projected poses x𝑡
analogous to (2.3) defined as

X∗ =
(
x∗1, x

∗
2, . . . , x

∗
|V |

) (3.27)
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Δ𝜔 (x𝑡 , x∗2)

𝑑 (x𝑡 , x∗2)

road 𝑟 1
trajectoryX

object pose x𝑡
x∗1
x∗2

road 𝑟 2

Figure 3.26: The context for route estimation using map matching. Left: The object’s
trajectory with roads 𝑟 1, 𝑟 2 in the vicinity represented by their reference lines. Right: The
object pose projected on both roads (x∗1, x∗2) with the context illustrated for the pose x𝑡
projected on the road 𝑟 2 via pose x∗2.

such that x∗
𝑘
= [p, 𝜔]𝑇 is the road user’s pose projected onto the road 𝑟𝑘 in its vicinity

V. The vicinityV(x𝑡 ) = {𝑟 1, 𝑟 2, . . . } is a set of roads within the proximity of the pose x𝑡 .
Then, the position deviation 𝑑 (x𝑡 , x∗𝑘 ) between the road user’s pose x𝑡 and the projectedpose x∗

𝑘
is defined by the Euclidean distance

𝑑 (x𝑡 , x∗𝑘 ) =




[𝑢x𝑡𝑣x𝑡

]
−
[
𝑢x∗

𝑘

𝑣x∗
𝑘

]



 = 

px𝑡 − px∗𝑘 

 =
√︄

𝑖∑︁(
p𝑖x𝑡 − p𝑖x∗

𝑘

)2
(3.28)

or the Euclidean norm of the difference between the positions px𝑡 and px∗
𝑘
for the road

user’s and the projected pose. This is illustrated in the right panel of Figure 3.26 as the
green dashed line between the object pose x𝑡 and the projected pose x∗2 on road 𝑟 2.

To estimate the orientation deviation Δ𝜔 (x𝑡 , x∗𝑘 ) ∈ (−𝜋, 𝜋] we transform the orienta-
tion of x𝑡 and x∗𝑘 from polar to cartesian coordinates such that (u, v) are the unit vectors
in Cartesian coordinates. Then, the orientation deviation is defined as

Δ𝜔 (x𝑡 , x∗𝑘 ) = Δ𝜔 (u, v) = arctan2
(
det

(
[uv]

)
, u𝑇v

)
(3.29)

with det
(
[uv]

) the sine, u𝑇v the cosine of the angle between them and arcan2 the angle
between the point and the ordinate to ensure a four-quadrant and signed solution since
the road’s unit vectors can lie arbitrarily in R2. This angle is illustrated in the right panel
of Figure 3.26 exemplarily for the object pose x𝑡 and the projected pose x∗2 as Δ𝜔 (x𝑡 , x∗2).
The context for this use case is thus defined as

K =

{
k
}
=

{(
𝑑,Δ𝜔

)} (3.30)

by the Euclidean Distance 𝑑 and the orientation deviation Δ𝜔 .
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3.4.3 Transformation of road user trajectory

To estimate the route of a traffic participant, the trajectory is transformed into the domain
of primitives using the context that was defined in the previous section. As stated earlier,
the aim is to find arbitrary maneuvers and do not limit the number of maneuvers before-
hand by defining their signatures, which was the case for the previous study. Instead, we
will represent the way how the road user’s cross the intersection via roads in a subset of
the overall intersection’s roads. For that purpose, a Directed Acyclic Graph (DAG) is uti-
lized that allows to represent roads as nodes and the transition between roads as arcs. The
roads in the DAG are named in the following asmapped roads and the special variant of the
DAG as Directed Acyclic Graph of Mapped Roads (DAGMaR). Moreover, since an object can
be mapped to multiple roads in the current vicinity, every projected pose is weighted to
ultimately find the route.
For that purpose, let L(𝑟 1 | x𝑡 ),L(𝑟 2 | x𝑡 ), . . . ,L(𝑟 |V | | x𝑡 ) be the mapping likelihoods

of the roads in the vicinityV(x𝑡 ), i. e., the likelihoods of the road user’s pose x𝑡 being pro-
jected on the roads in the vicinity. Since the context is defined by the Euclidean distance
𝑑 (x𝑡 , x∗𝑘 ) and the orientation deviation Δ𝜔 (x𝑡 , x∗𝑘 ) between the pose x𝑡 and the projected
pose x∗

𝑘
of the 𝑘𝑡ℎ road 𝑟𝑘 ∈ V, the likelihood of the pose x𝑡 being projected onto 𝑟𝑘 or the

mapping likelihood of 𝑟𝑘 is defined as

L(𝑟𝑘 | x𝑡 ) =
L
(
𝑟𝑘 | 𝑑 (x𝑡 , x∗𝑘 )

)
L
(
𝑟𝑘 | Δ𝜔 (x𝑡 , x∗𝑘 )

)∑V
𝑖 L

(
𝑟 𝑖 | 𝑑 (x𝑡 , x∗𝑖 )

)
L
(
𝑟 𝑖 | Δ𝜔 (x𝑡 , x∗𝑖 )

) (3.31)

and thus the joint likelihood ofL
(
𝑟𝑘 | 𝑑 (x𝑡 , x∗𝑘 )

)
andL

(
𝑟𝑘 | Δ𝜔 (x𝑡 , x∗𝑘 )

)
. The denomina-

tor in (3.31) ensures that∑V𝑟 L(𝑟𝑘 | x) = 1. For both likelihood functionsL
(
𝑟𝑘 | 𝑑 (x𝑡 , x∗𝑘 )

)
,

L
(
𝑟𝑘 | Δ𝜔 (x𝑡 , x∗𝑘 )

)
we use models that satisfy requirements for this use case, which we

will define in the following.
For the distance likelihood model L(𝑟𝑘 | 𝑑 (x𝑡 , x∗𝑘 )), the following requirements are de-fined. The OpenDRIVE reference lines are used as a geometric representation of roads (as

illustrated in Figure 3.26). Since they represent the leftmost border of the road, its width
needs to be integrated into the model. Furthermore, the model should allow to integrate
uncertainty of road width estimation and support the fact that traffic participants might
not follow the digital representation of the road exactly but leave it in, for instance, curves.
Due to that, the Tukey window [91] was adapted as

L
(
𝑟𝑘 | 𝑑 (x𝑡 , x∗𝑘 )

)
=


𝜖 + 1

2 (1 − 𝜖)
[
1 + cos

(
𝜋 𝑑
𝑏

) ] for − 𝑏 ≤ 𝑑 < 0

1 for 0 ≤ 𝑑 < 𝑎

𝜖 + 1
2 (1 − 𝜖)

[
1 + cos

(
𝜋 𝑑−𝑎

𝑐

) ] for 𝑎 ≤ 𝑑 < (𝑎 + 𝑐)
(3.32)

which is a piecewise function with three parameters. The parameter 𝑎 denotes the devi-
ation from the reference road for the right side and thus can be used to define the road’s
width. The parameters (𝑏, 𝑐) allow to model the deviation of the traffic participant from
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3.4 Case study: Route estimation on an urban intersection

the road for the left side and right side. The parameter 𝜖 ≪ 1 defines the minimum like-
lihood.
In this work, two different parameter configurations are employed, one for turning

roads and one for straight roads (see Figure 3.27). For turning roads, traffic participants
are allowed to deviate from the road, while the likelihood decrease is dependent on the
turning direction. For instance, the top plot of Figure 3.27 illustrates the likelihood distri-
bution for a single lane left-turning road with 𝑎 = 3.75 meter. In this case, the deviation
magnitude to the left side is equal to the road’s width and to the right side of the road is
two times the road’s with. For straight roads, the allowed deviation is smaller as for turn-
ing roads (see bottom plot of Figure 3.27). In this case, the deviation to the left and to the
right is depended on the lane width and not on the overall road width, which is the case
for turning roads. In particular, we generously assume a road width of𝑤 = 3.75meter for
german roads6 and that 𝑏 = 𝑐 = 1

2𝑤 for straight roads.
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Figure 3.27: The adapted Tukey window used as the likelihood function to model the
road user’s distance to the road with lane width of𝑤 = 3.75meter. Top: The model for a
single lane left-turning road. Bottom: The model for a straight road with two lanes.

For the orientation deviation model, the following requirements are defined. At first,
the likelihood needs to be inversely proportional to the orientation deviation. That is, the
likelihoodof beingprojected on a road is high for loworientationdifferences anddecreases
with increasing deviation. Furthermore, the relationship between the orientation devia-
tion increase and likelihood decrease should be non-linear to stronger penalize higher ori-
entation deviations. Finally, the minimum likelihood given as a model parameter should
be at |𝜋 | since Δ𝜔 ∈ (−𝜋, 𝜋], so that

minL
(
𝑟𝑘 | Δ𝜔 (x𝑡 , x∗𝑘 )

)
= L

(
𝑟𝑘 | Δ𝜔 (x𝑡 , x∗𝑘 ) = |𝜋 |

)
= 𝜖 (3.33)

6The maximum road widths for inner-city roads is defined in [92] as 3.25meter and for motorway roads
in [93] as 3.75, while is used in this work.
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with 𝜖 ∈ (0, 1], 𝜖 ≪ 1 defining the minimum likelihood at |Δ𝜔 (x𝑡 , x∗𝑘 ) | = 𝜋 . This work
employs an exponentially decaying function tomodel the orientation deviation likelihood,
satisfying the defined criteria with

L(𝑟𝑘 | Δ𝜔 (x𝑡 , x∗𝑘 )) = max
{
𝜖, 𝜖

|Δ𝜔 (x𝑡 ,x∗𝑘 ) |
𝜋

}
(3.34)

as depicted in Figure 3.28 with different values of 𝜖 in linear (top) and logarithmic scale
(bottom). It is clearly visible that changing 𝜖 impacts the penalization of orientation devi-
ations with a high penalization for smaller values of 𝜖 . The equations (3.32), (3.34) plugged
into (3.32) allow to estimate the likelihood of the mapped roads in Algorithm 1:5.
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Figure 3.28: The exponential decaying function used as the likelihood function to model
the road user’s orientation deviation from a road. Top: The likelihood for different
parameters. Bottom: The likelihood in log-space depicting that
minL(𝑟𝑘 | Δ𝜔 (x𝑡 , x∗𝑘 )) = 𝜖 .

The projected poses, the road mapping likelihoods and the roads of the current vicinity
are employed to update DAGMaR in line 6. In a nutshell, if a pose is projected onto a road
that is not mapped in DAGMaR and that road is connected with any other road that is
mapped in DAGMaR, it will be added as successor of that road. If a pose is projected onto
a road that is already mapped in DAGMaR, the weight of that road node in DAGMaR will
be incremented by the likelihood of the projected pose. It is worth noting that the road’s
geometric representation is used to check whether two roads are connected. That is, if
two roads intersect, they are considered connected. This allows to find arbitrary routes
that road users follow to cross the intersection, not only routes that are allowed and thus
represented in the OpenDRIVE map. After processing the trajectoryX, the weight𝑤𝑖 of a
primitive or road 𝑟𝑖 in DAGMaR 𝐷 is then given by
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3.4 Case study: Route estimation on an urban intersection

𝑤𝑖 =

X∑︁
x
L(𝑟𝑖 | x), ∀𝑟𝑖 ∈ 𝐷 (3.35)

as the sum of the road mapping likelihood for all poses.
An example showing the evolution of DAGMaR is depicted in Figure 3.29 for five time

steps and three roads. In the first time step 𝑡0, the road user is mapped to only a single
road 𝑟0, for instance, before entering the intersection. In the three following time steps
𝑡1, 𝑡2, 𝑡3 the vehicle is mapped to 𝑟 0 and 𝑟 1 with varying likelihood, e. g., while crossing the
intersection. In this situations, the vehicle could be close to multiple roads or could be
transitioning from the current road to the next one. In the last step 𝑡4 the road user is
mapped onto 𝑟 1 and 𝑟 2, while the road 𝑟 2 is the successor of both 𝑟 0 and 𝑟 1. In this step,
the road user might leave the intersection via road 𝑟 2.
The example illustrates that the transformation function used for this use case is a trans-

formation of the trajectory to a DAG of primitives. That is, we employ an intermediate rep-
resentation of the trajectory as a DAG. This allows us to represent a pose of the trajectory
withmultipleweighted primitives, the relationship between the primitives and the history
of the visited roads.
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Figure 3.29: An example to demonstrate the evolution of DAGMaR for five time steps and
three roads. The final route of the road user is the path with highest overall weight.

3.4.4 Routing maneuver estimation

Thefinal step to estimate the routingmaneuver given the representation of the road user’s
trajectory as a DAGMaR is to find the road user’s route in DAGMaR. For that purpose, it is
assumed that the road user will enter the intersection using an incoming road and leave
the intersection via an outgoing road. Since those roads connect intersections in a Open-
DRIVE network, it is assumed that road association is straight forward. Hence, the road
user can be unambiguously associated to these roads at the start or end of the trajectory.
Formally defined, let (𝑟 ∗0, 𝑟 ∗𝑁 ) be the associated roads for the first pose of the trajectory

𝑟 ∗0 and the last pose of it 𝑟 ∗𝑁 . Moreover, let us assume that there exists multiple paths
P = {𝑃1, 𝑃2, . . . } from 𝑟 ∗0 to 𝑟 ∗𝑁 in DAGMaR. We seek finding the longest path 𝑃∗ defined as

𝑃∗ = argmax
𝑃

|𝑃 |∑︁
𝑖=1

𝑤𝑖 (3.36)
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with |𝑃 | as the number of roads of the path 𝑃 and 𝑤𝑖 the mapping likelihood of the road
𝑟 ∗ ∈ 𝑃 as defined according to (3.31). For the representation of DAGMaR and for working
with DAGs in Python we use the NetworkX Python package [94]. It allows to find all paths
P from 𝑟 ∗0 to 𝑟 ∗𝑁 using a recursive depth-first search from [95]. Hence, we can easily solve
(3.36) to find the road user’s path 𝑃∗.7 For the example depicted in Figure 3.29, the routes
from 𝑟0 to 𝑟2 would be {𝑃1 = (𝑟0, 𝑟1, 𝑟2), 𝑃2 = (𝑟0, 𝑟2)}. The sum of weights for both paths
are (5, 3.3). Therefore, 𝑃1 is the longest path in DAGMaR 𝐷 and the road user’s route for
crossing the intersection.

3.4.5 Results and discussion

The presented approach of representing a road user’s trajectory in the domain of primi-
tives for the purpose of route estimation on intersections will be validated in the follow-
ing. Since the map matching based approach uses likelihood models to estimate the road
mapping likelihood, the approach will be exemplarily demonstrated using trajectories of
road users performing a left turn, right turn, u-turn and straight aheadmaneuver on the DLR
AIM Research Intersection. The four traffic participant’s trajectories are depicted in Fig-
ure 3.30 (solid lines) with the OpenDRIVE road network (dashed lines), which roads define
the primitive domain for this use case. Unless otherwise noted, the trajectories have been
down sampled to a frequency of one Hertz, which is still a high-frequency sampling rate
compared to other, albeit GPS-based, datasets [96].
We will compare the results of the presented approach with two baseline approaches.

The first MLCR is based on the assumption that in an OpenDRIVEmap, a direction for cross-
ing an intersection is represented by a specific road, which we will be referred to in the
following as connecting roads. We will select the path that connects an incoming road to
an outgoing road via the most likely connecting road 𝑟 ∗ defined as

𝑟 ∗ = argmax
𝑟

X∑︁
x
L(𝑟 | x), ∀𝑟 ∈𝑊connect (3.37)

with𝑊connect as the set of connecting roads. The second method MLMP is a common
approach for route finding, where the path 𝑃 = {𝑟 ∗1 , 𝑟 ∗2 , . . . } is estimated based on the
most likely mapped road per time 𝑟 ∗𝑡 defined as

𝑟 ∗𝑡 = argmax
𝑟

L(𝑟 | x𝑡 ), ∀𝑟 ∈ V𝑡 (3.38)

withV𝑡 as a set of roads in the vicinity of the road user’s pose x𝑡 at time 𝑡 andL(𝑟 | x𝑡 )
the mapping likelihood as defined in (3.31).

7It is worth noting that an alternative solution to find the longest paths between two nodes in an acyclic
graph, is, according to [95], to negate the weights and search for the shortest path using Floyd’s algorithm.
For the sake of clarity and since we assume that the number of possible routes is small, we use the exhaustive
search approach.
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3.4 Case study: Route estimation on an urban intersection

Figure 3.30: The trajectories of the traffic participants and the roads of the digital
network representing the DLR AIM research intersection to demonstrate the primitive
based route estimation approach.

Straight ahead

At first, we will discuss the results for the traffic participant performing a straight ahead
maneuver. The road user enters the intersection from east and leaves it into west. While
driving through the intersection, the road user’s crosses various roads of the network,
i. e., the roads within the traffic participant’s vicinity changes. Figure 3.31a illustrates the
evolution of the vicinity over the course of the trajectory. Every road is represented by a
binary signal. If the road is in the vicinity at the given time instant, the signal is high, oth-
erwise it is low. Until 𝑡78, the traffic participant approaches the intersection, which is indi-
cated by a vicinity defined by the incoming road 100000 and the outgoing road 200000. The
road user crosses the intersection from 𝑡7 until 𝑡12, because at 𝑡13 the vicinity contains only
the outgoing road 101000 and incoming road 201000. The total duration for crossing the
intersection is 5 seconds. Throughout the trajectory, 16 of all 24 roads (66.66%) werewithin
the vicinity at least one time. The correct path of the road user is {100000, 300016, 101000}.
For both baseline approaches and the proposed one, the roadmapping likelihood is used

to find the taken route of a traffic participant. Figure 3.31b illustrates the mapping likeli-
hood and the cumulative mapping likelihood per road. Moreover, the most likely mapped
way per time and way is each depicted as a binary signal, which indicates that the traf-

8Note that we will refer to specific time instants using 𝑡𝑛 , where 𝑛 is the offset in seconds.
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(a) The roads in the vicinity of the traffic participant.
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Figure 3.31: The road search and mapping results for the traffic participant performing a
straight aheadmaneuver.

fic participant is mapped onto that road if the signal is high. Hence, it is used by MLMP
for route estimation. In fact, the path by MLMP is 𝑃MLMP = {100000, 300016, 101000} for the
straight aheadmaneuver.
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The MLCR approach constructs that path by finding themost likely connecting road. This
is illustrated in Figure 3.31b as the cumulative likelihood. That is, the connecting road
having the highest cumulative likelihood at the latest time is chosen for route estimation.
For the straight ahead maneuver, the most likely connecting road is 300016 and thus the
path 𝑃MLCR = {100000, 300016, 101000} using the topology of the intersection.
The result of the proposed approach uses a DAG of primitives (DAGMaR) for route es-

timation. For the straight ahead maneuver, the evolution of DAGMaR is illustrated in Fig-
ure 3.32 for four different times (𝑡8, 𝑡8, 𝑡10, 𝑡12). The left panel of Figure 3.32 illustrates the
trajectory and the four poses of the traffic participant with the road search radius. The
right panel shows the state of DAGMaR as a graph at the specific times. The result of
MLCR for each time while updating DAGMaR is shown as the highlighted route and the
underlined road is the most likely connected road. The final path found via DAGMaR is
𝑃DAGMaR = {100000, 300016, 101000} as illustrated with the highlighted path in Figure 3.32
at 𝑡12. In this case, all three variants estimate the correct path.
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Figure 3.32: Demonstration of the driving-primitive based route estimation approach
using a traffic participant performing a straight turnmaneuver on the intersection. Left:
The trajectory of the traffic participant and the poses for four time instants 𝑡8, 𝑡9, 𝑡10, 𝑡12
with the road search radius illustrated that is used to find the road in the vicinity. Right:
The evolution of the primitive graph (DAGMaR) for the four time instants, with roads of
the intersection represented by their unique identifier and their cumulative mapping
likelihood in square brackets. The most likely connected road is underlined, while both,
the most likely path during updating DAGMaR and the final path by DAGMaR are
highlighted.

Left turn

The traffic participant that performs a left turn maneuver enters the intersection from
west and leaves it into north. It is worth noting that the traffic participant does not use
the left turn lane. Instead, it uses the rightmost lane of the two straight ahead lanes (see
Figure 3.30). Although this scenario is unusual, we use it as an example to challenge the
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different approaches. As in the previous section, the roads within the traffic participant’s
vicinity changes. Figure 3.33a illustrates the vicinity over the course of the trajectory. Un-
til 𝑡5, the traffic participant approaches the intersection, which is indicated by a vicinity
defined by the incoming road 101000 and the outgoing road 201000. The road user enters
the intersection at 𝑡5 and leaves it at 𝑡13, because at 𝑡14 the vicinity contains only the out-
going road 18000 and incoming road 280000. Hence, the total duration for crossing the
intersection is 8 seconds. Throughout the trajectory, 15 of all 24 roads (62.5%) were within
the vicinity at least one time. The correct path of the road user is {201000, 300019, 180000}.
For both baseline approaches and the proposed one, the roadmapping likelihood is used

to find the taken route of a traffic participant. Figure 3.33b illustrates the mapping like-
lihood, the cumulative mapping likelihood per road and the most likely mapped road per
time and road as a binary signal. The estimated path by MLMP for the left turnmaneuver is
𝑃MLMP = {201000, 300018, 300019, 300023, 180000}.
The MLCR approach constructs that path by finding themost likely connecting road. This

is illustrated in Figure 3.33b as the cumulative likelihood. For the left turn maneuver, the
most likely connecting road is 300019. By using the topology of the intersection, the path
is 𝑃MLCR = {100000, 300019, 180000}.
The result of the proposed approach uses a DAG of primitives (DAGMaR) for route esti-

mation, which evolution is illustrated in Figure 3.34 for four different times (𝑡5, 𝑡8, 𝑡10, 𝑡13)
analogous to the straight drive maneuver. The final path found via DAGMaR is 𝑃DAGMaR =

{201000, 300019, 180000} as illustrated with the highlighted path in Figure 3.34 at 𝑡12. It is
worth noting that the road 300023 which is part of the path 𝑃MLMP is not part of DAGMaR
since it is not connected to any road within DAGMaR. Hence, the topology of the intersec-
tion ensures that the traffic participant is only mapped onto a valid path. Since the road
user’s path to cross the intersection is {201000, 300019, 180000}, MLCR and the proposed
method estimate the correct path.

Right turn

The next results we will discuss is for the traffic participant that performs a right turnma-
neuver. The road user enters the intersection from west and leaves it into south. As in
the previous section, the roads within the traffic participant’s vicinity changes, which
is illustrated in Figure 3.35a. In this case, the road user enters the intersection at 𝑡1,
since the vicinity at 𝑡1 is defined by the incoming road 201000 and the connecting roads
300013, 300018. Note that there is no outgoing road at 𝑡1 as opposed to the previous two
examples. The road user leaves it at 𝑡9, because at 𝑡10 the vicinity contains only the in-
coming road 179000 and outgoing road 279000. Hence, the total duration for crossing the
intersection is 9 seconds. Throughout the trajectory, 9 of all 24 roads (37.5%) were within
the vicinity at least one time. The correct path of the road user is {201000, 300013, 279000}.
For both baseline approaches and the proposed one, the roadmapping likelihood is used

to find the taken route of a traffic participant. Figure 3.35b illustrates the mapping like-
lihood, the cumulative mapping likelihood per road and the most likely mapped road per
time and road as a binary signal. The estimated path by MLMP for the right turnmaneuver
is 𝑃MLMP = {201000, 300013, 279000}.
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(a) The roads in the vicinity of the traffic participant.
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Figure 3.33: The road search and mapping results for the traffic participant performing a
left turnmaneuver.

The MLCR approach constructs that path by finding themost likely connecting road. This
is illustrated in Figure 3.35b as the cumulative likelihood. For the right turnmaneuver, the
most likely connecting road is 300013. By using the topology of the intersection, the path
is 𝑃MLCR = {201000, 300013, 279000}.

73



Chapter 3 Representation of traffic data with primitives

(t5)

300018 [0.16]

300019 [0.14]

300024 [0.12]

201000 [5.28]

300013 [0.25]

(t8)

300018 [1.00]

300019 [0.77]

300024 [0.57]

201000 [5.52]

300013 [1.08]

(t10)

300013 [1.34]

300018 [1.25]

300024 [0.57]

201000 [5.52]

300019 [2.05]

(t13)

300013 [1.34]

300018 [1.25]

300024 [0.57]

201000 [5.52] 180000 [0.20]

300019 [3.22]

Figure 3.34: Demonstration of the driving-primitive based route estimation approach
using a traffic participant performing a left turnmaneuver on the intersection. Left:
The trajectory of the traffic participant and the poses for four time instants 𝑡5, 𝑡8, 𝑡10, 𝑡13
with the road search radius illustrated that is used to find the road in the vicinity. Right:
The evolution of the primitive graph (DAGMaR) for the four time instants, with roads of
the intersection represented by their unique identifier and their cumulative mapping
likelihood in square brackets. The most likely connected road is underlined, while both,
the most likely path during updating DAGMaR and the final path by DAGMaR are
highlighted.

The result of the proposed approach uses a DAG of primitives (DAGMaR) for route es-
timation, which evolution is illustrated in Figure 3.36 for four different times (𝑡1, 𝑡3, 𝑡7, 𝑡9)
analogous to the previousmaneuvers. The final path found via DAGMaR as illustratedwith
the highlighted path in Figure 3.36 at 𝑡9 is 𝑃DAGMaR = {201000, 300013, 279000}. Similar to
the straight turnmaneuver, all approaches estimate the correct path.

U-turn

The next results we will discuss is for the traffic participant that performs a u-turnmaneu-
ver. As in the previous section, the roads within the traffic participant’s vicinity changes,
which is illustrated in Figure 3.37a. In this case, the road user approaches the intersection
until 𝑡2 since the vicinity at 𝑡2 is defined by the incoming road 101000 and the outgoing
road 201000. Compared to the other use cases, the road user stays within the intersec-
tion for a longer period of time from 𝑡3 until 𝑡20. It leaves the intersection at 𝑡21 with a
vicinity defined by the same roads (101000, 201000) as while approaching the intersection.
Throughout the trajectory, 15 of all 24 roads (62.5%) were within the vicinity at least one
time. The correct path of the road user is {201000, 300024, 101000}.
For both baseline approaches and the proposed one, the roadmapping likelihood is used

to find the taken route of a traffic participant. Figure 3.37b illustrates the mapping like-
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Figure 3.35: The road search and mapping results for the traffic participant performing a
right turnmaneuver.

lihood, the cumulative mapping likelihood per road and the most likely mapped road per
time and road as a binary signal. The estimated path by MLMP for the u-turn maneuver is
𝑃MLMP = {201000, 300019, 300016, 300012, 101000}.
The MLCR approach constructs that path by finding themost likely connecting road. This

is illustrated in Figure 3.37b as the cumulative likelihood. For the u-turn maneuver, the
most likely connecting road is 300019. By using the topology of the intersection, the path
is 𝑃MLCR = {201000, 300019, 279000}. Note that this is the same path as for the left turn
maneuver from above.
The result of the proposed approach uses a DAG of primitives (DAGMaR) for route esti-

mation, which evolution is illustrated in Figure 3.38 for four different times (𝑡3, 𝑡10, 𝑡15, 𝑡20)
analogous to the previousmaneuvers. The final path found via DAGMaR as illustratedwith
the highlighted path in Figure 3.38 at 𝑡20 is 𝑃DAGMaR = {201000, 300024, 101000} .
For the u-turn maneuver, only the proposed approach using DAGMaR finds the correct

path of the traffic participant {201000, 300024, 101000}. The Figure 3.37a shows the rea-
son why MLMP cannot find the correct path. The connecting road for the u-turnmaneuver
300025 is not within the search area from 𝑡12 until 𝑡19. This is also illustrated in the right
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(t7) 300018 [0.93]
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Figure 3.36: Demonstration of the driving-primitive based route estimation approach
using a traffic participant performing a right turnmaneuver on the intersection. right:
The trajectory of the traffic participant and the poses for four time instants 𝑡1, 𝑡3, 𝑡7, 𝑡9
with the road search radius illustrated that is used to find the road in the vicinity. Right:
The evolution of the primitive graph (DAGMaR) for the four time instants, with roads of
the intersection represented by their unique identifier and their cumulative mapping
likelihood in square brackets. The most likely connected road is underlined, while both,
the most likely path during updating DAGMaR and the final path by DAGMaR are
highlighted.

panel of Figure 3.38, where the road user’s search area at 𝑡15 does not overlap with the
connecting road. Consequently, the road user cannot be mapped onto that road. A side
effect of this is that the cumulative mapping likelihood of this road will not increase dur-
ing this time, as shown in Figure 3.37b. This is also the reason why MLCR estimates the
wrong path. During the previously mentioned period, the road user is close to the road
300019. Because of this, its mapping likelihood increases steadily, so that it becomes the
most likely connecting road (see also the right panel of Figure 3.38). The main reason why
the proposed approach finds the correct route is based on the aforementioned assumption
that a road user enters an intersection via an incoming road and leaves it via an outgoing
road. Since the road 300019 is not connected to any outgoing road and the only outgoing
road is 101000, which is the successor of 300024, the final path is {201000, 300024, 101000}.
An overall overview of the route estimation results are depicted in Table 3.5, which

shows the comparative evaluation of the different route estimation methods. Each row
corresponds to a specific method, denoted by labels such as MLCR, MLMP, DAGMaR. The col-
umns represent the different routes, including straight ahead, left turn, right turn, and u-turn.
For each combination of method and route, a binary notation is used to indicate the accu-
racy of the estimation. A check mark (✓) signifies that the method successfully estimated
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Figure 3.37: The road search and mapping results for the traffic participant performing a
u-turnmaneuver.

the route, while a cross (×) indicates that the method failed to estimate the correct route.
The straight ahead and right turn maneuvers were correctly estimated by all approaches.
The left turn maneuver by MLCR and DAGMaR. The u-turn maneuver was only identified by
DAGMaR.
In summary, the baseline approaches lack precision in route estimation if the traffic

participant’s trajectory does not follow the geometric representation of the roads. This is
illustrated in Figure 3.39, which shows the lateral displacement (left panel) and the head-
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Figure 3.38: Demonstration of the driving-primitive based route estimation approach
using a traffic participant performing a u-turnmaneuver on the intersection. Left: The
trajectory of the traffic participant and the poses for four time instants 𝑡3, 𝑡10, 𝑡15, 𝑡20 with
the road search radius illustrated that is used to find the road in the vicinity. Right: The
evolution of the primitive graph (DAGMaR) for the four time instants, with roads of the
intersection represented by their unique identifier and their cumulative mapping
likelihood in square brackets. The most likely connected road is underlined, while both,
the most likely path during updating DAGMaR and the final path by DAGMaR are
highlighted.

ing difference (right panel) of the road user to its mapped pose. In fact, the straight ahead
and right turn road users have only a minor lateral displacement and heading difference
to the road 300016 or 300013 respectively. In the left turn scenario, the road user has a
significantly higher lateral displacement than the straight ahead and right turn scenarios.
Because of this, the road user is mapped to another potentially closer road, which affects
MLMP. Since MLCR searches for the most likely connected road, it is not sensitive to these
effects. As long as the road user follows the connecting road and it is in its vicinity, it pro-
vides a robust estimation. The u-turn scenario is an examplewhere both, MLMP and MLCR fail
due to the high lateral deviation and high orientation difference (see Figure 3.39). Since
the road is not within the vicinity of the traffic participant, MLMP provides a wrong path.
In addition, since the road user follows the path of the road 300019, it becomes the most
likely connected road, which is the reason why MLCR fails. This does not affect DAGMaR.
It robustly identifies the routes for all scenarios using the primitive-based approach by
considering all road types and the road network’s topology to create a DAG of the traffic
participant’s path through the intersection.
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3.5 Summary

Table 3.5: The route estimation results for the four scenarios and the route estimation
approaches.
Method
Maneuver

straight ahead left turn right turn u-turn

MLMP ✓ × ✓ ×
MLCR ✓ ✓ ✓ ×
DAGMaR ✓ ✓ ✓ ✓
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Figure 3.39: Comparison of the geospatial deviation between the road user’s trajectory
and the road’s geometric representation. Left: The lateral deviation. Right: The heading
deviation.

3.5 Summary

This chapter proposed a framework to represent traffic data in terms of primitives based
on a concrete use case, by defining a context that is related to the use case and a context-
dependent domain of primitives. Several steps are identified to represent driving data in
terms of primitives and to model maneuvers based on the primitives.
For a proof-of-concept two case-studies were conducted. The first case study faces the

problemof lane-changemaneuver identification using the primitive-based representation
of traffic data. In particular, lane-changes maneuver are identified and extracted from
traffic data collected by the vehicle’s on-board sensors. The dataset for evaluation was
collected on a German highway as part of the FASva project [89]. In the case study the lane-
change was decomposed into more trivial sub-states, which define the primitive domain.
For the transformation of traffic data into the primitive domain, the case study shows that
a data-driven approach utilizing aHiddenMarkovModel (HMM) is a robustmethod. More-
over, the case study shows that Dynamic Time Warping (DTW) is a reasonable method for
the final maneuver classification using the a priori defined maneuver signatures. In fact,
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the experiments have shown a reasonable maneuver classification performance with a f1-
score of 0.988, although the extracted lane-changes deviate from the manually annotated
lane-changes with a mean f1-score for maneuver extraction of 0.405.
In the second case study, the framework is applied for the use case of route estimation on

an urban intersection. The digital representation of the road network and the trajectory
of traffic participants are used to define the primitive domain and context. That is, the
roads of the road network are the primitives and the context is defined by the Euclidean
distance and heading deviation between the vehicle and its projection on the road. For
the transformation of the trajectory into the domain of primitives, a method is proposed
that bases on map matching. That is, the traffic data is represented as a DAG of primi-
tives, which allows to use graph algorithms for finding the actual route for crossing the
intersection. The experiments using trajectories of traffic participants from the DLR AIM
Research intersection have shown that the framework can be applied successfully for the
use case of route estimation on an urban intersection.
In summary, the case-studies have shown that the primitive based approach for traffic

data representation allows to describe data on a semantical level. Moreover, given a use
case or scenario definition, the proposed framework is a useful guideline to systematically
identify the relevant maneuvers. A cornerstone of the overall approach is the decompo-
sition of relevant attributes of the traffic data description into primitives domains. The
transformation of traffic data into these primitives domains enables to describe maneu-
vers on a semantical level, which is grounded by the primitives. The first case study in
particular shows the whole process, starting with a rather theoretical discussion about a
lane-change to the actual application with real-world driving data.
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Chapter 4

Maneuver identification using a digital
road network representation

This this work uses an hierarchical view on traffic data with scenarios, maneuvers and
primitives, as described in Section 2.1.3. In the last chapter, a framework was pro-

posed and demonstrated with case-studies that enables the representation of traffic data
with primitives. Furthermore, a methodology was presented to define and identify ma-
neuvers based on these primitives.
In fact, maneuvers are typically identified in real-world traffic data w.r.t the trajecto-

ries of objects [97], [98]. That is, the current state (and the history) is analyzed to reason
about themaneuver that is being conducted. A drawback of this approach is, however, that
trajectories might vary heavily dependent on the environment. For instance, trajectories
of vehicles performing a left-turn maneuver may share the same origin and destination.
But, the way objects reach their destination and thus how they cross the intersection can
be significantly different. Algorithms for maneuver identification need to be able to cope
with this variability of trajectories.
This chapter presents an alternative approach to identifying maneuvers of the infras-

tructure layer by Hartjen et al. from Figure 2.9, in particular maneuvers performed by traf-
fic participants to cross an intersection, such as left turn, right turn and straight ahead.
This approach utilizes the topological structure and geometrical representation of a road
network in OpenDRIVE format. The roads of that digital map serve as generalized ref-
erence trajectories and each reference trajectory of an intersection is automatically an-
notated with a specific maneuver. Due to this, the most likely maneuver conducted by a
traffic participant to cross an intersection can be inferred from the reference trajectory to
which it is associated, rather than from the trajectory itself. Furthermore, this approach
enables the prediction of the most likely maneuver based on the current state of an ob-
ject due to the a priori knowledge of each road’s maneuver. In Section 3.4, a method was
proposed for solving the route finding problem using our basic building blocks, the prim-
itives. This chapter will therefore focus on the automated maneuver annotation of refer-
ence trajectories based on a OpenDRIVE representation of a road network. The efficacy of
themethodology is evaluated with established clusteringmethods 𝑘-means, GMM and Hi-
erarchical Agglomerative Clustering (HAC) and the inner-city road network of Brunswick
[74].
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Chapter 4 Maneuver identification using a digital road network representation

4.1 Road network partitioning

Since the aim is to identify and annotate maneuvers, the focus is on parts of the digital
map where different roads meet each other, such as intersections. The reason for this is
that intersections typically connect roads coming from or leading to different directions.
Hence, traffic participants need to conduct certain maneuvers to either follow or change
the direction towards their final destination. For this purpose, a road network is parti-
tioned into intersections and connections. Roads of type connection connect, as the name
suggests, intersections in a road network. This is exemplarily depicted for the inner-city
ring of Brunswick in Figure 4.1. The roads interconnecting intersections are depicted in
blue whereas intersections are color encoded.
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Figure 4.1: The inner-city ring of Brunswick as part of the DLR AIM research facility
represented with the reference lanes from the OpenDRIVE format. The intersections in
the map are highlighted whereas roads connecting intersections are depicted in blue.

As already mentioned, the majority of infrastructure maneuvers in the urban area take
place on intersections or junctions. Hence, all the interconnecting roads are neglected and
the focus is on the roads of intersections. As mentioned in Section 2.3 intersections are
explicitly designed in OpenDRIVE, each having a unique identifier. Thus, the extraction of
roads belonging to an intersection is straight forward.
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Figure 4.2: All intersections extracted from inner-city ring of Brunswick [74]. Each road
is depicted by the reference line from its OpenDRIVE representation. The intersections
vary in the number of roads, their shapes and the combination of roads defining the
structure of the intersection.

In Figure 4.2 all intersections (𝑛 = 97) that are present in the inner-city ring are de-
picted with their reference line. The structure of the intersections vary heavily, from simple
junctions as in (𝐵, 14)1 or (𝐷, 5) over T-shaped intersections in (𝐴, 4) up to complex inter-
sections as in (𝐴, 1). An automatic mechanism for maneuver annotation needs to support
this diversity.
This work proposes a generic data-driven approach by employing unsupervised learn-

ing for automatic road annotation. For that purpose, a transformation to each road is ap-
plied that enables to represent the heading direction of each road independently of their
position on the intersection. This approach allows to collect features from different inter-
sections that can finally be employed to annotate roads with a maneuver.

1The nomenclature (𝑅,𝐶) is used to specify a cell in the figure’s grid with 𝐶 as the column and 𝑅 as the
row.
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4.2 Maneuvers on urban intersections

For the annotation of roads in the network with infrastructure maneuvers, the "divide
and conquer" paradigm can also be applied by dividing a complex space, the overall road
network, intomore trivial sub states, themaneuvers. In the following, this decomposition
of a road network into roads with annotated maneuvers will be briefly formulated.
In general, vehicles either cross an intersection by driving straight through it or they

change their direction. Due to this, this work assumes that an intersection consists of
multiple roads and the set of roads can be partitioned into two subsets. The first step
consists of straight roads and the second set of turning roads. As already visible in Figure 4.2
the variability in the turning roads is quite high reflecting different turning maneuvers.
Due to this, the set will be divided into three subsets denoting the turningmaneuvers: left,
right and u-turns. Hence, this work assumes that traffic participants can either perform a
straight ahead maneuver, left turn, right turn or u-turn on intersections.
Formally defined, letWN = {𝑟1, 𝑟2, . . . , 𝑟𝑁 } be a set of 𝑁 roads representing a road

networkN . That network has subsets each of which represents a certain maneuver, i. e., a
semantic network. At first, let the road network N has two disjoint proper subsetsWN =

{A,B} withA denoting roads that are part of intersections and B the roads connecting
intersections.
An intersectionI of a networkN can thus be represented as a set of 𝑙 roads with 𝑙 ≤ 𝑁 ,

assuming that the network contains at least a single intersection. The two subsets C,D
of A are two disjoint sets, C ∩ D = ∅, with each of them being a proper subset of A,
C ⊊ A,D ⊊ A. The first set C consists of roads driving straight through an intersection
and the second setD of turning roads. To represent the three different variants of turning
maneuver (left, right and u-turn), the setD is divided into subsetsE ⊆ D, F ⊆ D,G ⊆ D
which are all disjoint (D ∩ E ∩ F ) = ∅.
Since not all turning variants might exist for an intersection, the subsets E, F ,G are no

proper subsets of D. Otherwise, an intersection 𝐼1 = {𝑟 | 𝑟 ∈ B ∨ 𝑟 ∈ E} = {C, E} that
consists of only straight and left turning roads would not be valid since

𝐼1 = {C,D}
= {C, {𝐸, F ,G}}
= {C, {𝐸, ∅, ∅}}
= {C, E}

and thus E = D for 𝐼1. Hence, an intersection 𝐼 ∈ N of a semantic network N can
be partitioned into the subsets {C, {𝐸, F ,G}}} as depicted in Figure 4.3 with C denoting
straight lines, E left turns, F right turns and G u-turns.
The problem is to unambiguously associate a road 𝑟 to the correct subset of a networkN .

That is, the aim is tofind its correct semanticmeaning in terms of themaneuver that a road
user will conduct while crossing an intersection on that road. For that purpose, features
needs to be defined that allow to describe the different maneuver unambiguously.
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Figure 4.3: The partitioning of roads into maneuver types depicted as a Euler diagram.
All subsets in a set are disjoint since a road should be uniquely associated with a
maneuver.

4.3 Feature selection for maneuver identification

For the automatic annotation of roads with maneuvers, appropriate features are required
that allow to separate the different maneuver types. Since the defined set of relevant
maneuvers state the relative heading direction of an object crossing an intersection, e. g.,
left turn and right turn, the heading of a road should, in turn, allow to infer the road’s
type.
Let’s assume that a road can be represented as a polyline. For roads in OpenDRIVE for-

mat, this is a road’s reference line. If it is assumed that 𝜃 ∈ [−𝜋, 𝜋) denotes the orienta-
tion difference of a road’s polyline to a straight line, it is easy to verify that turning and
non-turning roads differ in the magnitude of 𝜃 . For instance, straight lanes tend to, obvi-
ously, be approximately zero, i.e., 𝜃 (𝑟, C) ≈ 0 and turning lanes have a significant higher
absolute magnitude, i.e., 𝜃 ( |𝑟 |,D) ≫ 0. This is also depicted in Figure 4.4 showing the
intersection (B, 7) which consists of roads {𝑟0, 𝑟1, 𝑟2, 𝑟3, 𝑟4} with different shapes.
That feature also enables us to separate left and right turning lanes from u-turns by as-

suming that the absolute magnitude between those two classes differ significantly. What
is left is the separation of left and right turns. Apparently, the sign of 𝜃 already encodes
the heading of a turning lane, i.e., 𝜃 (𝑟, E) < 0, 𝜃 (𝑟, F ) > 0. In the following, these char-
acteristics are used to cluster the intersections according to the maneuver types. But for
that purpose, 𝜃 needs to be estimated from a road. If we assume that each road represents
a specific heading direction or its change, and thus reflects a specific maneuver, we can
further assume that this characteristic change is present by comparing the road’s head-
ing at the start and end point. That is, for each road 𝑟 the unit vectors 𝒖, 𝒗 at the start 𝒖
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Figure 4.4: The example intersection (B, 3) of the Brunswick inner-city road network.
Left: A satellite image with the reference lines for each road of the intersection as overlay.
At each road, the incoming and outgoing vectors are shown. Right: The orientation
difference between the incoming and outgoing unit vectors for each road is shown
denoting the shape of the road. This allows to reason about the maneuver, traffic
participants conduct on them.

and end 𝒗 are estimated, i.e. the incoming and outgoing vectors of each road as depicted in
Figure 4.4 (left) with the yellow and gray arrows for the intersection (B, 3)).
If roads are specified with parameterized geometric models, the unit vector of the tan-

gent in those positions can be derived. Since this work employs a line segment based ap-
proximation, the unit vectors at the start and end of each road equals to the unit vectors of
the first and last line segment. The signed angle 𝜃 between 𝒖 = [𝑢1, 𝑢2]𝑇 and 𝒗 = [𝑣1, 𝑣2]𝑇
is now defined as

𝜃 = arctan2
(
det ( [𝒖𝒗]) , 𝒖𝒗𝑇

)
, 𝜃 ∈ [−𝜋, 𝜋] (4.1)

with det giving the determinant of the matrix [𝒖𝒗] and 𝒖𝒗𝑇 as the dot product of 𝒖 and
𝒗. Note that for unsigned angles, the arccos of 𝒗 projected onto 𝒖 could be used. But, since
the sign of the angle is required to separate left and right turns, the arctan2 function is
employed yielding the required sign. The orientation difference𝜃 is estimated for all roads
of intersection (𝐵, 3) according to (4.1) and depicted in Figure 4.4.
Clearly visible are the three different maneuver types. The two roads with a orientation

difference close to zero are roads 𝑟0, 𝑟1 depicted as straight lines in Figure 4.4. The two right
turning roads 𝑟2, 𝑟3 have a negative orientation difference and the only left turning road
𝑟4 has a positive orientation difference. Note that there is no lane on the intersection per-
forming a u-turn so that the semantic network 𝐼 (𝐵,3) = {C, {E, F ,G}} for this intersection
is 𝐼 (𝐵,3) = {{𝑟0, 𝑟1}, {{𝑟4}, {𝑟2, 𝑟3}, {∅}}}.
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4.4 Clustering intersections for semantic annotation

The fact that intersections may not contain roads for all maneuver types and the require-
ment of unique association of a road to a specific cluster or maneuver have implications
on the set of methods that can be employed for clustering the digital maps into maneuver
categories. There exists different categories of clusteringmethods that could be employed
for this task (see [99] for an overview). Since the aim is to use our a priori knowledge about
the number ofmaneuvers and thus clusters, and to verify ourmethodology, the focus is on
partitioning and hierarchicalmethods, which allow to define the number of final clusters.
Partitioning algorithmswill divide the set of roads into𝑘 groupswith𝑘 stating the number

of clusters. For that purpose, a sample is represented by an attribute and a certain objec-
tive function is optimized so that samples in a cluster are similar and different clusters are
dissimilar — according to the attribute and object function. [99, p. 401] Thus, a road in the
example intersection in Figure 4.4 might be falsely annotated with a u-turn since no lane
of that type is available. This type of algorithm would, however, fit to the requirement of
assigning each road to exactly one cluster [99, p. 398].
An alternative would be to employ hierarchical methods for clustering trying to build up a

tree of clusters [100]. In Figure 4.5 the classes of maneuvers are depicted as a dendrogram.
The aim is to either find the level in the dendrogram that matches the number of clusters
[100, p. 6] or to define single or multiple thresholds serving as termination criterion [101].
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Figure 4.5: An example dendrogram showing the clustering of roads into the maneuver
types based on a certain distance metric. This is achieved either by a bottom-up
(agglomerative) or top-down (decisive) approach. A road is represented as blue circle. The
dendrogram contains intermediate clusters which are neglected.

In general, both categories of methods could be used for clustering intersection if it
could be ensured that for each maneuver category there is at least one road in the road
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network. For the example intersection in Figure 4.4, however, this is not the case. The
result is that a road might be falsely annotated with a u-turn since no lane of that type is
available.
A solution for this problem could be to clustermultiple instead of single intersections. If

it is assumed that the road network is sufficiently large, it can be further assumed that for
eachmaneuver type at least one road exists. Due to this, one could use both partitioning and
hierarchical algorithms defining only the number of maneuvers or clusters. To verify if this
holds for the set of intersections of the Brunswick inner-city road network, the histogram
of the orientation deviation for each road is estimated based on (4.1). The distribution
is depicted in Figure 4.6 showing five clusters, whereas the first and last cluster belong
together. They were split because of the jump in the value range from −𝜋 to 𝜋 . This can
be addressed by plotting the distribution in polar coordinates as depicted in the top right
plot of Figure 4.6 showing the four clusters with a small peak at 𝜋 . Hence, the assumption
holds for this road network, because ∀𝑟 ∈ {𝐶, 𝐸, 𝐹,𝐺}N : |𝑟 | > 0, with {𝐶, 𝐸, 𝐹,𝐺} as the
subsets of the semantic networkN denoting the maneuver types.
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Figure 4.6: The signed orientation deviation distribution for all intersection roads in the
Brunswick inner-city road network. There are five clusters visible, whereas the first and
last cluster belong together. This is depicted in the top right figure showing the
distribution and four clusters in polar coordinates.

Although there exists several partitioning and hierarchical methods for clustering in the
literature, the focus will be on Gaussian Mixture Model (GMM) and 𝑘-means as example
methods for the first group and Hierarchical Agglomerative Clustering (HAC) for the latter
since they are established methods and broadly used in different domains.
Since the GMM and HAC have parameters except the number of components, the per-

formance of the methods will be evaluated for different variants. However, since these
clustering methods employ certain distance metrics to evaluate if samples are alike or
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not, the jump in the orientation difference depicted in Figure 4.6 would negatively impact
the clustering performance. This is due to the fact that 𝜃 ∈ [−𝜋, 𝜋) and the distance (here
the absolute distance)

𝑑 (𝜃1, 𝜃2) = |𝜃2 − 𝜃1 | (4.2)
between two points is not symmetric in every case, i. e., 𝑑 (𝜃1, 𝜃2) is not the minimum

distance between 𝜃1, 𝜃2 for all (𝜃1, 𝜃2) ∈ [−𝜋, 𝜋) × [−𝜋, 𝜋).
For instance, let 𝑟1, 𝑟2 be both roads of type u-turn and having a orientation of, e.g,

𝜃1 = −0.8𝜋 and 𝜃2 = 0.8𝜋 . The absolute distance between both points as defined in (4.2)
is 𝑑 (𝜃1, 𝜃2) = 1.6𝜋 although from the top right plot of Figure 4.6 it is evident that the min-
imum orientation difference is 𝑑 (𝜃1, 𝜃2)min = 0.4𝜋 . Since the distance function may not
be manually defined for all used methods, as in our case with the sklearn [102] library in
Python, two different approaches will be discussed to face this issue. The first uses the
vector representation of the orientation difference and clusters the road network in one
step. The second approach utlizes the absolute orientation difference and clusters the
road network in two steps.

4.4.1 One-step clustering

The first version will cluster the road network into the four classes in a one step and re-
covers the correct class name, the semantic, afterwards. The latter is required since the
employed clustering methods may label the clusters different in consecutive runs. The
distance estimation problem is tackled by transforming the feature 𝜃 . That is, for each
road 𝑟 ∈ N represented with its orientation difference 𝜃𝑟 , the unit vector defined as

𝒖𝑟 =

[
cos𝜃𝑟
sin𝜃𝑟

]
(4.3)

is used as feature, with 𝜃𝑟 as the angle between the unit vector 𝒖𝑟 and the vector [1, 0]𝑇
inR2. This transformation allows to employ standard distance metrics for clustering such
as the euclidean distance. The distribution after feature transformation is depicted in Fig-
ure 4.7 as a scatterplot on a unit circle since all vectors are normalized. Due to the overlap-
ping of points on the unit circle, the distribution computedwith a Gaussian Kernel Density
Estimator is depicted in the inner-circle showing the four clusters in the dataset.
The results after clustering need to be post-processed to recover the correct semantic,

the maneuver type, of each cluster. For that purpose, the assumption about the orien-
tation difference for the maneuvers stated in the beginning is utilized. Let ˆ𝑁N denote
that semantic network after clustering. Furthermore, let’s define a set of normalized vec-
tors 𝑆 = {𝒔1, 𝒔2, 𝒔3, 𝒔4}, i. e., ∀𝑠 ∈ 𝑆 : ∥𝑠 ∥ = 1 from the same domain as our feature vec-
tors. The vector 𝑠𝑖 ∈ 𝑆 represents the 𝑖th maneuver type in the correct semantic network
{𝐶, 𝐸, 𝐹,𝐺}N . The aim is to find a mapping𝑀 : N̂ 𝑆−→ N from the subsets 𝑋 ∈ N̂ to those
inN using the vectors 𝑆 .
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Chapter 4 Maneuver identification using a digital road network representation

Figure 4.7: The orientation deviation distribution for all roads that are part of
intersections in the inner-city network of Brunswick. The feature of each road is
depicted as point on the unit circle (in blue), whereas the distribution is depicted in
orange computed with a Gaussian Kernel Density Estimator.

Let 𝜉 (𝒔, 𝑟 ) denote the similarity between 𝑠 and the road 𝑟 ∈ 𝑋 with the property of in-
creasing similarity if 𝜉 (𝒔, 𝑟 ) increases, then 𝑖 is given by

𝑖 =
|𝑆 |

argmax
𝑗=1

∑︁
𝑟 ∈𝑋

𝜉 (𝒔 𝑗 , 𝑟 ) (4.4)

and thus the index of the most similar vector, i. e., the vector with the overall highest
similarity score. Since a road 𝑟 can be represented as its orientation deviation in the unit
circle via (4.3), 𝜉 (𝑠, 𝑟 ) can be defined as

𝜉 (𝒔, 𝑟 ) = 𝒖𝑟 · 𝒔𝑇 (4.5)

and the dot product between 𝒖𝑟 and 𝒔. This holds the property of increasing similar-
ity with increasing 𝜉 (𝒔, 𝑟 ) since the dot product between two unit vectors heading in the
same direction becomes one andminus one for two vectors heading in opposite directions.
Hence (4.4) becomes

𝑖 =
|𝑆 |

argmax
𝑗=1

∑︁
𝑟 ∈𝑋

𝒖𝑟 · 𝒔𝑇𝑗 (4.6)

and returns the index of the most likely maneuver inN for a certain set 𝑋 .
For that purpose, however, the vectors in𝑆 need to define that represent themaneuvers.

Since the orientation deviation of a road as defined in (4.1) is within (−𝜋, 𝜋] and using our
assumption about the shape of the roads associated with the maneuvers, the domain is
split up into four equally-spaced regionswith the vectors𝑆 =

{
[1, 0]𝑇 , [−1, 0]𝑇 , [1, 0]𝑇 , [−1, 0]𝑇

}
which are also visible in Figure 4.7 as the four grid lines.
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4.4.2 Two-step clustering

The second variant proposed in this work performs the clustering in two steps, whereas
the second cluster step is performed in the semantic-recover task. The distance problem
described before is tackled by taking the halve instead of the full circle. That is, because of
𝜃 ∈ [0, 𝜋] the minimum distance is equivalent with the absolute distance between 𝜃1, 𝜃2,
i. e.,𝑑 (𝜃1, 𝜃2) = 𝑑 (𝜃1, 𝜃2)min. The distribution of absolute orientation difference for all roads
that are part of intersections is depicted in Figure 4.8. Due to this transformation, there
are only three clusters visible. That is, by taking only the halve of the original domain
range, left and right turns are assumed to be sampled from the same probability density
function and only differ in the heading direction.
As with the one-step clustering version, the correct class semantic needs to be recov-

ered after clustering. This is straight-forward in this case because the maneuver we can
be directly inferred from the sets by their mean or expected value. Let N̂ = {𝐶,𝐻,𝐺} =
{𝐶, {𝐸, 𝐹 } ,𝐺} denote that semantic network after clustering with its sub-clusters𝐶,𝐻,𝐺
for the maneuvers straight ahead, left/right turn and u-turn. The expected value for each set
𝑋 ∈ 𝑁̂ can be estimated with

𝐸 (𝑋 ) = 1
|𝑋 |

|𝑋 |∑︁
𝑖=1

𝜃𝑖 (4.7)

so that a set𝑈 can be defined with

𝑈 =

{
𝐸 (𝑋1), 𝐸 (𝑋2), . . . 𝐸 (𝑋 | N̂ |)

}
(4.8)

of expected values using (4.7) for each subset inN . That is employed to find the correct
index 𝑗 ∈ {1, . . . , 𝑛} of𝑋 in the final networkN with the correct labels. This is solved by L
= argsort𝑈 which returns a list of indices 𝐿 = { 𝑗1, . . . , 𝑗𝑛} that contains the location in𝑈 if
𝑈 is sorted in ascending order, i. e., the index of the correct subset inN and thus the ma-
neuver. The second step of this approach is to split up the set of left/right turnmaneuvers.
As already pointed out, the sign if 𝜃 allows to infer the correct subset of𝐻 by

𝐸 = {𝑟 |𝑟 ∈ 𝐻 ∧ 𝜃𝑟 > 0}
𝐹 = {𝑟 |𝑟 ∈ 𝐻 ∧ 𝜃𝑟 < 0}

(4.9)

so that 𝐸 contains all left turn and 𝐹 all right turn roads.

4.5 Evaluation and discussion

The aim of this approach is to annotate each road of a network according to the maneuver
a traffic participant conducts if associated with that road. Furthermore, the results of this
approach are used in the following as a basis to derive further maneuver types relating
traffic participants to each other via their associated road. Due to this, the performance
of this methodology is evaluated.
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Figure 4.8: The absolute orientation deviation distribution for all intersection roads in
the Brunswick inner-city road network. There are three clusters visible: straights,
left/right turns in one cluster and u-turns. This is also depicted in the top right figure
showing the distribution and three clusters in polar coordinates.

4.5.1 Dataset

For the evaluation of the methodology, the intersections of the Brunswick inner-city road
network as depicted in Figure 4.2 are employed. Since it needs to be verified if an an-
notation by the methodology described in Section 4.4 is correct, all roads were manually
labeled. That was conducted by a person that is not associated to this study to ensure that
the annotation results are objective. Since this work uses a data-driven approach for ma-
neuver classification, that person should annotate the road with a maneuver according to
the change of the driving direction. For labeling, the satellite image of each intersection
with an overlay of the road network as in the left image of Figure 4.4 was used.
The number of roads permaneuver and the distribution in the unit circle are depicted in

Figure 4.9 for the annotation results of the set of intersections on the Brunswick inner-ring
circle. There is no uniform distribution of road classes but right turns and straight roads are
more frequent than left turn and u-turn roads. In fact, there are 75 u-turns which are 10%
and 150 left turn roads and thus 20.4% of the total number of roads.

4.5.2 Metrics

For qualitative evaluation of the proposed approaches, several metrics exists that allow
an objective comparison between results. In the following, the problem is discussed as a
multi-label classification problem instead of a typical clustering process since the cluster-
ing performance for all maneuver types should be evaluated. That is, the precision for each
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Figure 4.9: The ground truth information of road maneuver types. Left: The number of
roads per maneuver type. Right: The distribution of orientation deviation on the unit
circle with the maneuver classes denoted in different colors.

employed clustering method is estimated. If 𝑡 is the number of correctly annotated roads
and |𝑁 | is the total number of roads, the precision 𝑃 is defined as

𝑃 =
𝑡

|𝑁 | (4.10)

giving the ratio between correctly identified annotated roads to the total number of
roads in the network. That is, a value of 𝑃 = 1 means that the all roads are correctly
annotated and 𝑃 = 0 that no road is correctly annotated.

For a more in-depth analysis of possible misclassified roads, the precision defined in 4.10
can, however, not be used since it just provides a single value about the overall precision.
Instead, the confusion matrix is employed since it allows a relation between the number of
annotated roads by a method to the ground truth reference for each maneuver type. But,
in order to put emphasis on the difference from the correct classification, a Confusion Dif-
ference Matrix (CDM) is used. A perfect method would generate a Confusion Difference
Matrix (CDM) of only zeros since the number of annotated roads match the correct ones.
The diagonal of a CDM highlights the overall difference in the number of roads for that
maneuver. A negative value states that roads are missing in this set and a positive value
that too many roads are annotated. Each row in a CDM depicts the difference from the
ground truth related to the maneuver type of that row. Due to this, the sum of each row
is zero. A column gives information about the number of roads that are annotated by the
method to that particular maneuver type and thus highlights the sensitivity for that par-
ticular maneuver. Hence, the CDM allows to infer how the roads are incorrectly annotated
by a method for each maneuver.
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Table 4.1: The clustering precision of the one-step version for 𝑘-means, GMM with
different covariance types and HAC with different linkage types. The precision is given as
the ratio of correctly annotated roads to the total number of roads for each maneuver
type. The GMM with spherical covariances performs best in general.

Maneuver
Straight Left turn Right

turn
U-turn

Method Variant Mean precision
𝑘-means 1.000 0.973 0.984 1.000 0.989 ± 0.011
GMM diag 1.000 0.973 0.984 1.000 0.989 ± 0.011

full 1.000 0.973 0.988 1.000 0.990 ± 0.011
spherical 0.996 1.000 0.988 0.987 0.993 ± 0.006
tied 1.000 0.980 0.988 0.987 0.989 ± 0.007

HAC average 1.000 0.947 0.984 1.000 0.983 ± 0.022
complete 1.000 0.960 0.992 0.987 0.985 ± 0.015
single 1.000 0.960 - 0.987 0.737 ± 0.124
ward 1.000 0.960 0.992 0.987 0.985 ± 0.015

4.5.3 Results

As already pointed out in the beginning of this section, the GMM, 𝑘-means and HAC is
employed for clustering. The number of final clusters is dependent on the used approach
with𝑛 = 4 for the one-step version and𝑛 = 3 for the two-step version. For the GMMdifferent
degree of freedoms of the covariance matrix are evaluated. For the HAC different linkage
variants are evaluated since they significantly affect the clustering process.
The results for the one-step approach are depicted in Table 4.1 showing the precision de-

fined in (4.10) of all methods for each maneuver type and the mean precision for each
method. Overall, the GMM with spherical covariance matrix achieves the best perfor-
mance with a mean precision of 0.993 ± 0.006. For the HAC method, the complete and ward
linkage variant performs best with a precision of 0.985±0.015. The simplemethod was not
able to identify right turns correctly leading to a mean precision of 0.737± 0.124. 𝑘-means
lacks precision in identifying left turns with a precision of 0.973 and thus achieves a mean
precision of 0.989 ± 0.011.
The results for the two-step approach are denoted in Table 4.2 also showing the precision

of all methods for each maneuver type and the mean precision defined in (4.10) for each
method. In this case, the GMM with spherical covariance matrix also achieves the best
performance as in the one-step approach with a slightly better mean precision of 0.995 ±
0.005 instead of 0.993± 0.006 for the one step variant. For the HACmethod, the average and
ward linkage variant now performs best but with a slightly higher precision of 0.989±0.011
instead of 0.986 ± 0.015 for the one-step method. The simple linkage variant is to not able
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Table 4.2: The clustering precision of the two-step version for 𝑘-means, GMM with
different covariance types and HAC with different linkage types. The precision is given as
the ratio of correctly annotated roads to the total number of roads for each maneuver
type. The GMM with spherical covariances performs best in general.

Maneuver
Straight Left turn Right

turn
U-turn

Method Variant Mean precision
𝑘-means 1.000 0.973 0.980 1.000 0.988 ± 0.012
GMM diag 1.000 0.980 0.984 1.000 0.991 ± 0.009

full 1.000 0.980 0.984 1.000 0.991 ± 0.009
spherical 0.996 1.000 0.996 0.987 0.995 ± 0.005
tied 1.000 0.987 0.988 0.987 0.990 ± 0.006

HAC average 1.000 0.973 0.984 1.000 0.989 ± 0.011
complete 1.000 0.713 0.816 1.000 0.882 ± 0.123
single 1.000 - - 0.933 0.483 ± 0.281
ward 1.000 0.973 0.984 1.000 0.989 ± 0.011

to identify left turn and right turn maneuver leading to a mean precision of 0.483 ± 0.281.
𝑘-means achieves a mean precision of 0.988 ± 0.012 over all maneuver types.
To further analyze the performance of the approaches for eachmaneuver type, the con-

fusion matrices are estimated for all methods, except the single variant of HAC because of
its low performance, and both variants (see Figure 4.10).
A perfect method would generate a CDM of only zeros since the number of annotated

roads match the correct ones. The diagonal of a CDM highlights the overall difference in
the number of roads for that maneuver. A negative value states that roads are missing in
this set and a positive value that too many roads are annotated. Each row in a CDM depicts
the difference from the ground truth related to the maneuver type of that row. Due to
this, the sum of each row is zero. A column gives information about the number of roads
that are annotated by the method to that particular maneuver type and thus highlights
the sensitivity for that particular maneuver. Hence, the CDM allows to infer how the roads
are incorrectly annotated by a method for each maneuver.
The confusion matrix of 𝑘-means illustrated in Figure 4.11a, for instance, contains the

numbers {2, 0,−5, 3} for the roads that are part of the maneuver type 𝐹 in the third row.
For this specific case, five roads are missing in the set 𝐹 . Two roads are falsely associated
with𝐶 and three roads with𝐺 . The diagonal contains the values {0,−4,−5, 0} stating the
number of missing roads in each set, e. g., no missing road for 𝐹 but four missing roads
for 𝐺 . Hence, 𝑘-means is able to identify all straight and u-turn roads — as also depicted
in Table 4.1 with a precision of 1.00 for these maneuver. But, it is quite sensitive since it
annotated three roads as u-turns which are actually part of the set 𝐹 , as denoted in the
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column for𝐺 . Moreover, six roads are classified as straight although four roads are of type
left turn and two of type right turn as denoted in the C column.
A noticeable difference from the ground truth is, for instance, visible in the confusion

matrix of HAC (complete) in Figure 4.11a. There are 43 roads of type 𝐸 that are annotated as
4 times 𝐶 and 39 times 𝐺 . Noteworthy is, that the method’s performance is significantly
better in the two step version. Roads of type 𝐸, 𝐹 are not classified as u-turns anymore.
The GMM (spherical) achieves the best overall performance for the one-step and two-step

versionwith the one-step version being a slightly better. For both variants, themethod fails
to identify one road as straight but classifies it as right turn. Furthermore, a road of type
u-turn was classified as left turn in both variants. The only difference is in the right turn
class. In fact, the two-step version falsely identified two roads as u-turns. In both versions,
the method is able to identify all left turns as denoted in the row E which contains only
zeros. Indeed, the method is reasonable accurate in the identification of left turns with no
road being falsely associated with a left turn.
Another perspective on the clustering results is depicted in Figure 4.11. For all methods

(except theHAC (single) variant) and both versions, the orientation difference for each road
is shownonaunit circle as in Figure 4.7 (right) for the ground truth information. Moreover,
the classification result is shown with a correct road denoted as circle and incorrect one
as cross. Note that the crosses of incorrectly annotated roads are moved into the circle
and the distribution in the inner circle is scaled just for visualization purpose. It is evident
from the figures, that methods tend to classify roads that are at the border between two
maneuver classes. In fact, the GMM (spherical) distributions for the one-step and two-step
versions clearly show that the only difference is in the annotation of the road in the lower
right edge between the sets for u-turn and right turn roads.

4.5.4 Discussion

The orientation difference of the falsely annotated roads are quite close to the associated
class clusters. Question regarding the matching accuracy still remain open. Are the roads
really associated to the wrong maneuver classes? Was there an error in manual road an-
notation that led to this result? A look on the intersection might help to answer those
questions. Furthermore, it might also allow to infer extensions to the method that can be
faced in future works.
The three roads annotated with the wrongmaneuver by the GMM (Spherical)method us-

ing the two-step belong to three different intersections. Each intersection and the roads
it consists of are depicted in Figure 4.12 with the falsely classified road in blue. The ac-
tual and estimated maneuver type are shown in the title with the first maneuver as the
reference and the second as the maneuver type inferred by the method.
The road in the first intersection was misclassified by the method as straight but manu-

ally annotated as right turn. The road in the second intersection is classified as right turn but
manually annotated as straight. The last intersection contains a road which is annotated
as left turn although it is manually associated to a u-turn. Overall, those roads really seem
to be edge-cases. The road in the first intersection is classified as straight due to the low
orientation difference. But, the annotation of right turn is also plausible since a traffic par-
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ticipant merges into the road and changes the heading direction to the right. Especially, if
not only the line is considered, but also the satellite image of the source road. The road in
the second image is another special case since traffic participants cross the intersection on
the misclassified road. As such, the road should be of type straight as annotated manually.
The annotation of the road in the third intersection as left turn by themethod is reasonable,
but in this context a u-turn is more correct since the road also contains both lanes that are
part of the roundabout. Hence, a vehicle is able to reach its origin. The misclassification
might be prevented by splitting up the road into lanes belonging to the roundabout and
the other lanes. This allows to distinct between the u-turn in the roundabout and a left turn
for the other lanes.

4.6 Summary

This chapter proposes an approach that uses a priori knowledge about the set of possible
maneuvers on intersections to transforma digitalmap into a semantic network. This follows
the overall methodology by dividing a complex environment into more trivial subspaces
which are easier and more robust to identify. This semantic network allows inferring the
maneuver, a trafficparticipantwill conduct, based solely on the road the trafficparticipant
is associated with, thus decoupling the maneuver identification from trajectory analysis,
which is prone to error due to the variability of trajectories. In Chapter 4.5 the results of
experiments is shown, inwhich the overall approach is evaluated using amanually labelled
digital map of the inner-city ring in Brunswick that is part of the DLR AIM test site.
The information provided by the proposed approach also enables to infer different sce-

narios. For instance, we might be interested in situations in which a vehicle performs a
left turn maneuver, thus crossing other lanes, with road users approaching on these on-
coming lanes. This scenario is of interest due to the potential conflict between the traffic
participants. In the next chapter, a methodology will be proposed for the identification of
such scenarios. That is, the aim is to identify scenarios with multiple road users involved
that share the same spatial location of the available traffic infrastructure, thus potentially
being in conflict, which is interesting from different point of views, e. g., traffic safety anal-
ysis or road user behavior modelling.
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Figure 4.10: The Confusion Difference Matrices for all evaluated clustering methods. (a):
The results of the one-step version. (b): The results of the two-step version. Each CDM
highlights the difference to the actual set of maneuvers. It allows to infer the annotated
maneuver for a misclassified road.
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(a) one-step version

(b) two-step version

Figure 4.11: The distribution of orientation difference 𝜃 for each road in the network on
a unit circle after clustering with the one step version (a) and two step version (b). The
maneuver types are color encoded, correctly annotated roads are denoted with a circle
and falsely annotated roads with a cross. For each maneuver type, the distribution is
depicted in the inner-circle scaled for visualization purpose.
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Figure 4.12: The three misclassified roads by the GMM (Spherical)method using the
two-step variant. The title denotes the maneuver type of the reference and the method.
The misclassified roads are highlighted in blue.
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Chapter 5

A systematic approach for scenario
identification

In the previous chapter, maneuvers conducted by road users are inferred from a semanti-cally enriched road network in OpenDRIVE format. In the following, the objective O.I
is addressed by proposing a method to systematically identify scenarios in the urban do-
main and building a KB of scenarios. The presented method combines a knowledge-based
with a data driven approach. The former is utilized to define scenarios and identify sce-
narios hypothesis. The data-driven approach uses the methods presented thus far in this
work and the identified scenario hypothesis to extract concrete scenarios from real-world
traffic data for the validation of the scenario hypothesis.
The methodology is demonstrated exemplarily using the DLR AIM Research Intersec-

tion in Brunswick. Furthermore, the focus is on the first three variants of space-sharing
conflict scenario (SSCS), in the following referred to as obstructed scenario,merging scenario
and crossing scenario. In particular, the aim is to identify hypotheses of scenarios solely
based on the digital representation of the road network and focus onmotorized road users.
That is, if all traffic participants are removed from the example situations depicted in Fig-
ure 2.11a—2.11e, and only take the road topology and geometry into account, identifying
scenarios due to an unconstrained or constrained head-on path is not possible. For their
definition, the trajectories of the traffic participants are required. For instance, if the cy-
clist is removed from the situation depicted in Figure 2.11e, both cars are unlikely to share
the same space at the same time in the future. Moreover, the SSCS due to unconstrained
head-on paths are unlikely on the intersection depicted in Figure 2.1 since they typically
occur where traffic participants can move freely without restrictions. Since this is not
the case for the DLR AIM research intersection, we will focus only on the three scenario
variants.

5.1 Foundation

Before introducing the proposed methodology for scenario identification and describing
the knowledge base, basic terminologies that are relevant for the remainder of the chapter
are first described.
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5.1.1 Knowledge Base

In the context of computer science, or artificial intelligence in particular, a KB is a com-
ponent that contains knowledge of a specific domain in terms of so-called sentences that
are represented in a knowledge representation language. [81] These sentences are used to de-
scribe entities in the world, certain facts about them and relationship among them. They
are usually categorized as either being assertional or terminological. In the context of De-
scription Logic (DL), which are a family of knowledge representation languages [103], this
categorized led to the definition of a assertional box (ABox) and terminology box (TBox)
as the building blocks of a KB. [104][103]
The sentences in the TBox, or the terminological axioms, are used to express concepts,

such as Dog and Human and relationships, such as hasOwner, which can be combined to
formulate constraints such as ∃hasOwner.Dog ⊆ Human to state that only humans can be
owner of dogs.
The axioms of the TBox can be used to define properties of individuals. These individuals

can be any facts about things in our world. For instance, with Dog(Edwin), Human(Svenja)
we can state that the individual Edwin belongs to the concept of Dog and the individual
Svenja to the concept of Human. Moreover, with hasOwner(Edwin,Svenja) we can state
the Svenja is the owner of Edwin. The set of such assertions is the ABox and the named
individuals within these assertions the ABox individuals. [103]

5.1.2 Ontologies

The knowledge base will contain information about the scenarios and the traffic partici-
pants that are involved within and potentially the relationship to their environment. On-
tologies are a way to formally define the concepts, relationships and axioms from above
such that they are readable by both, human and machines. In fact, they use DL languages
as the mathematical foundation for this purpose [105].
The first well-known definition of an Ontology in the context of computer science is

from 1993 by Gruber defining an ontology as an “explicit specification of a conceptualization”
[106], whichwas extended in 1998 by Studer et al. stating that an “ontology is a formal, explicit
specification of a shared conceptualization” [107]. Emphasizing the use-case of knowledge
sharing due to the fact that ontologies are widely adopted in the context of knowledge
representation in general and the so-called Semantic Web in particular, where ontologies
are “establishing a common terminology between agents” [103].
Today, ontologies are usually defined and represented using theWebOntology Language

(OWL),which is a specification of theWorldWideWebConsortium (W3C). Ontologies based
on theOWLare representedusing theRDF format, where statements have the formof (sub-
ject 𝑆 , predicate 𝑃 , object𝑂) triples and every entity is uniquely identified using anUnique
Resource Identifier (URI). A statement in the ontology thus states that the subject 𝑆 has
the property 𝑃 with value 𝑂 , with 𝑆,𝑂 being entities in the ontology that are specified
using an URI and 𝑃 is either a URI or any literal value. [105] Due to this triple-based repre-
sentation and the unique identification of concepts and relationships within ontologies,
they are typically visualized as graphs. [105]
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The Figure 5.1 illustrates the representation of ontologies using a graph structure with
the example from above. The ontology with the axioms defined above are created with
the ontology editor Protégé [108]. Since Svenja and Eddi are both individuals, there are
two corresponding triples in the ontology. This is shown in Figure 5.1 with the connecting
arcs between the two nodes and the owl:NamedIndividual concept. Furthermore, the
relationship that Svenja is the owner of Eddi is also represented with the arc between
the nodes with the attribute hasOwner. The constraint that only humans can be owners
of dogs is also defined in the ontology by defining the domain and range of the hasOwner
relationship as Dog and Human. Furthermore, the owl:disjointWith attribute is used to
state that something that is a Dog cannot be a Human. Note that in the remainder of this
work, theVisual Notation for OWLOntologies (VOWL) [109] is utilized to visualize concepts
and relationships among them in an ontology.
One of the strength of ontologies is that knowledge can be extended automatically based

on the axiomsdefined in theKB. In the context of ontologies, this process is called reasoning
and reasoner the corresponding engine that performs the inference. One of this engine
is Pellet [110], which is used throughout this work. Revisiting the example depicted in
Figure 5.1, let’s assume that we have not explicitly stated that Eddi is a Dog and Svenja is
a Human, i. e., the red arcs are removed. But, since it is stated that Svenja is the owner of
Eddi, that the domain is Dog and the range is Human of the hasOwner relationship, a reasoner
can automatically infer that Eddi is a Dog and Svenja is a Human, while also providing a
justification for the inference. [110] For instance, the explanation for Eddi being a Dog
consists of the axioms (Eddi, hasOwner, Svenja) and (hasOwner, domain, Dog).

Figure 5.1: Illustration of the example ontology as RDF graph with Eddi the Dog and
Svenja the Human owner.

5.1.3 SPARQL

Ontologies allow to represent knowledge in human and machine readable format either
in single ontologies or distributed across multiples that can be shared and reused in spe-
cific applications. While this allows to create sophisticated Knowledge Base (KB), this is
only useful if we are able to retrieve information from the KB similar to querying infor-
mation from a relational database (RDB). Since ontologies in OWL are represented in RDF,
the SPARQL can be utilized to query the KB. Similar to the OWL, SPARQL was developed
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and standardized by the World Wide Web Consortium (W3C), with its first release version
published in 2008.
Statements in SPARQL follow the RDF specification that allows to refer to entities in

the ontology using their URI. For instance, using the example KB from above, the SPARQL
query in Listing 5.1 can be used find all humans and their dogs. The SELECT statement is
used to define the variables ?dogOwner and ?dog that will appear in the result. The WHERE
clause allows to match against specific patterns in the RDF graph. Since the hasOwner
relationship links Dog with Human individuals, the variables will be used as subject and
object.
Listing 5.1: The SPARQL query to search for all human individuals and their dogs.

1 SELECT ?dogOwner ?dog
2 WHERE {
3 ?dog :hasOwner ?dogOwner .
4 }

5.2 Methodology for scenario identification

The concepts and methods presented in the previous chapter provide the foundation to
systematically identify scenarios from real-world traffic data. The overall methodology is
composed of four tasks (see Figure 5.2). The first step is to extract the OpenDRIVE repre-
sentation of the intersection of interest, because hypotheses of SSCS are derived from it
in the next step. Those hypotheses provide the basis to extract scenario candidates from
real-world traffic data, i. e. traffic participants that are potentially involved in such a sce-
nario. Finally, the scenario hypotheses are validated with the scenario candidates. The
individual steps will be described in the following. But at first, some required definitions
are introduced.

5.2.1 Fundamental definitions

Let an urban road network 𝑁 = {𝑊,𝜙} be defined by the roads𝑊 = {𝑤1,𝑤2, . . . } it con-
sists of and the connection 𝜙 between roads, i. e., the road network’s connectivity. Then,
an intersection 𝐼 is a subset of the road network 𝐼 ⊆ 𝑁 . Furthermore, the definition of
OpenDRIVE is followed and group the roads of an intersection𝑊𝐼 in three types

𝑊𝐼 = {𝑊in,𝑊connect,𝑊out} (5.1)

where incoming roads𝑊in are used by traffic participants to enter the intersection, outgoing
roads𝑊out to leave the intersection and intermediate roads𝑊inter connect incoming with
outgoing roads.
The connectivity 𝜙 (𝑤𝑖 ,𝑤 𝑗 ) of a road network denotes that a traffic participant can reach

a road𝑤 𝑗 from another road𝑤𝑖 without visiting any road in between. It is assumed that a
road user will always enter and leave the intersection on different roads. The connectivity
is a set of tuples

𝜙 =
{
(𝑤𝑖 ,𝑤 𝑗 ) ∈𝑊 2 | 𝑤𝑖 ≠ 𝑤 𝑗

} (5.2)
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Extract intersection I from OpenDrive network N including all roads coming
into and out of the intersection.

Create hypotheses H = {H𝑀 ,H𝐶 ,H𝑂 } of space-sharing conflict scenarios (SS-
CSs) for potential merging H𝑀 , crossing H𝐶 and obstructed scenario H𝑂 from
intersection I.

Identify pairs of traffic participants from a dataset, the scenario candidates C =

{𝐶𝑀 ,𝐶𝐶 ,𝐶𝑂 }, that are potentially involved in a SSCS using hypotheses H .

Validate the hypotheses H of SSCS by assessing the scenario candidates C using
appropriate metrics and select scenario candidates according to fulfilled crite-
rion.

Figure 5.2: The approach for SSCS identification in real-world traffic data using the
digital representation of an intersection.

stating that road𝑤𝑖 is connected to𝑤 𝑗 . If𝜙+ and𝜙− denote the successor and predecessor
of a road,𝑤 𝑗 is the successor 𝑤𝑖 = 𝜙+(𝑤𝑖) of𝑤𝑖 and𝑤 𝑗 the predecessor𝑤 𝑗 = 𝜙− (𝑤) of𝑤𝑖 .
Note that roads have only one direction, i. e., ∀(𝑤𝑖 ,𝑤 𝑗 ) ∈ 𝜙 : (𝑤 𝑗 ,𝑤𝑖) ∉ 𝜙 .

5.2.2 Hypothesis definition

The intersection connectivity defined in (5.2) and grouping of roads according to (5.1) al-
low to define the hypotheses of SSCS. Thus, let H 𝐼 = {H𝑀 ,H𝐶 ,H𝑂 } be the set of hy-
potheses for the intersection 𝐼 with H𝑀 the merging, H𝐶 crossing and H𝑂 obstructed
scenarios. The sets of hypotheses are defined as follows.
Two traffic participants can become involved in amerging scenario if they are associated

to two different roads having the same successor and that successor is an outgoing road.
Let𝑤 ∈𝑊out be an outgoing road of the intersection. The set of merging scenario hypoth-
esisH𝑀 is thus defined as

H𝑀 =
{
(𝑢, 𝑣) ∈𝑊 2 | 𝑢 ≠ 𝑣, 𝜙 (𝑢,𝑤), 𝜙 (𝑣,𝑤)

}
. (5.3)

Two traffic participants can become involved in an obstructed scenario if they are associated
to two different roads having the same predecessor and that predecessor is an incoming
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or a connecting road. Let 𝑤 ∈ {𝑊in,𝑊connect} be either an incoming or connecting road.
Then, the set of obstructed scenario hypothesisH𝑂 is defined as

H𝑂 =
{
(𝑢, 𝑣) ∈𝑊 2 | 𝑢 ≠ 𝑣, 𝜙 (𝑤,𝑢), 𝜙 (𝑤, 𝑣)

}
. (5.4)

Two traffic participants can become involved in a crossing scenario if they are associated to
two different roads with intersecting geometrical representation. Moreover, both roads
have different predecessors and successors. Recap that𝜙− (𝑤), 𝜙+(𝑤) are the predecessors
and successors of a road𝑤 , then the set of crossing scenario hypothesisH𝐶 is defined as

H𝐶 =
{
(𝑢, 𝑣) ∈𝑊 2 | intersect(𝑢, 𝑣),

𝜙− (𝑢) ∩ 𝜙− (𝑣) = ∅,
𝜙+(𝑢) ∩ 𝜙+(𝑣) = ∅

} (5.5)

with intersect(𝑢, 𝑣) denoting that the geometrical representation of the two road’s (𝑢, 𝑣)
intersect.

5.2.3 Hypothesis validation

The set of hypotheses created using the above definitions include road pairs that might
not provide real scenarios, i.e., the hypotheses are invalid. Since we only use the digital
representation of the road network for hypotheses creation, we assume that no traffic
control mechanism exist, e.g., traffic rules, traffic signs or traffic lights. In fact, at least
traffic rules usually apply limiting the set of hypotheses. Consequently, we will validate
the hypotheses of SSCS. If we assume normative behavior of traffic participants, we can
utilize the trajectory data of traffic participants for that task. That is, letX = {𝑋1, 𝑋2, . . . }
be a dataset of trajectories, with each trajectory associated to the roads of an intersection.
In addition, let𝐶𝑀 ,𝐶𝑂 ,𝐶𝐶 be sets of traffic participant pairs that are potentially involved
in a merging, obstructed or crossing scenario, i.e., the scenario candidates. The set 𝐶𝑖 ∈
{𝐶𝑀 ,𝐶𝑂 ,𝐶𝐶 } of all candidates of a SSCS variant is thus defined as

𝐶𝑖 =
{
(𝑎, 𝑏) ∈ X2 | 𝑎 ≠ 𝑏, 𝑓𝑖 (𝑎, 𝑏)

} (5.6)

with 𝑓𝑖 (𝑎, 𝑏) as a function denoting that two different trajectories (𝑎, 𝑏) are potentially
involved in the SSCS variantH 𝑖 .
The sets of scenario candidates defined in (5.6) and the sets of scenario hypotheses (5.3),

(5.4), (5.5) allow to validate the scenario hypotheses and thus giving the space-sharing
conflict scenarios of a dataset. That is, a hypothesis ℎ = (𝑢, 𝑣) of a scenario variantH 𝑖 ∈
{H𝑀 ,H𝐶 ,H𝑂 } is valid if

∃(𝑎, 𝑏) ∈ 𝐶𝑖 : 𝑔𝑖 (𝑎, 𝑏, ℎ) (5.7)
holds with 𝑔𝑖 (𝑎, 𝑏, ℎ) as a function denoting that the traffic participants (𝑎, 𝑏) of the sce-
nario candidate are indeed involved in the hypothesisℎ of the scenario variantH 𝑖 . Hence,
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the trajectories of a dataset X can be grouped pair-wise to space-sharing conflict scenar-
ios, so that all scenarios of variant 𝑆𝑖 ∈ {𝑆𝑀 , 𝑆𝑂 , 𝑆𝐶 } are given by

𝑆𝑖 =
{
(𝑎, 𝑏) ∈ 𝐶𝑖 | ∃ℎ ∈ H 𝑖 : 𝑔𝑖 (𝑎, 𝑏, ℎ)

} (5.8)

and that all road combinations of an intersection 𝐻̂ providing SSCS are defined as

𝐻̂ =
{
ℎ ∈ H 𝑖 | ∃(𝑎, 𝑏) ∈ 𝑆𝑖

} (5.9)

which are the valid scenario hypotheses.
The definitions above can be divided into four tasks as depicted in Figure 5.2. At first,

the intersection of interest is extracted from a road network. This step is optional if there
is only one intersection in the network. The intersection’s roads are grouped according to
(5.1) and the intersection’s connectivity as defined in (5.2) is derived. Afterwards follows
the creation of SSCS hypotheses according to (5.3), (5.4), (5.5), which are used to identify
scenario candidates with a dataset of trajectories according to (5.6). Finally, the hypothe-
ses of SSCS are validated with the scenario candidates. In the following, we will describe
each task in more detail.

5.3 Knowledge base of scenarios

In the last section, the overall methodology was described for the identification of SSCS.
In the following, the knowledge base of SSCS is introduced and in particular how to rep-
resent the definitions of the previous section in the knowledge base. For that purpose,
an ontology-based approach using OWL 2 is utilized due to the formal nature of ontologies
and SPARQL to find hypotheses of SSCS in an intersection, while validating those hypothe-
ses using reasoning on real-world data.
The overall process for this approach is illustrated in Figure 5.3. The knowledge base

consists of three so-called TBox entities Connectivity, Hypothesis and Participant, each for
an information source or ABox, and the overall set of individuals which will be extended
iteratively. For that purpose, facts are deduced using reasoning given the ABox, TBox and
the results of the previous state (the knowledge base’s current state). The ABox Topology
represents the topological information of an intersection, i. e., how roads of an intersection
are connected to each other. The Geometry ABox contains the geometric representation
of the roads and is used to represent and use the geometrical relationship of roads in the
knowledge base. The Trajectories ABox contains information about the road users and
is based on real-world data. In the following, the three TBox are described and how the
definitions of the previous section is represented in the knowledge base.
The Connectivity TBox illustrated in Figure 5.4 using the VOWL [109] contains facts about

an intersection, its roads and their relationship. In particular, the TBox contains def-
initions for the different entities and relations shown in the DAG in Figure 5.8 such as
the incoming, connecting and outgoing roads, and their relationship via the has_successor
property. A major benefit of this ontology-based approach is, as already shown using the
example in , is that we can utilize reasoning to automatically infer the has_predecessor
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Figure 5.3: The intersection network topological information, road geometries and
trajectory data from the real-world are employed to identify SSCS and build the
knowledge base.

attribute by stating that it is the inverse of has_successor. This is illustrated in Listing 5.2
using the Manchester syntax [111].
Listing 5.2: The has_predecessor property is the inverse of the has_successor property.

28 ObjectProperty: has_predecessor
36 InverseOf:
37 has_successor

The ontology-based approach also allows defining the different road types of an inter-
section. For instance, the definition of a ConnectingRoad is shown in Listing 5.3 using
the relationship between roads and the concrete road type. With the EquivalentTo ax-
iom used in Listing 5.3 we state that a ConnectingRoad connects an IncomingRoad to an
OutgoingRoad via the properties has_predecessor and has_successor. After reasoning,
a Road individual linked to an IncomingRoad individual via the has_predecessor property
and to an OutgoingRoad individual via the has_successor property will be classified as
ConnectingRoad. The Connectivity TBox also contains similar definitions for the Incom-
ingRoad and OutgoingRoad.
Listing 5.3: The definition of a ConnectingRoad in Manchester syntax.

97 Class: ConnectingRoad
98
99 EquivalentTo:
100 Road
101 and (has_predecessor some IncomingRoad)
102 and (has_successor some OutgoingRoad)
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StartNode

Road

integer

Thing

IncomingRoad∩
IncomingRoad

Intersection
OutgoingRoad∩
OutgoingRoad

EndNode

ConnectingRoad∩
ConnectingRoad

consist_of_roads

is_road_of

Subclass of

has_predecessor

has_successor

Subclass of

Subclass of

Subclass of

Subclass of

intersect_with
symmetric

road_index
functional

is_on_road

Figure 5.4: The Connectivity TBox of the knowledge base visualized in VOWL.

The facts of the Connectivity TBox are used in the next step of the approach illus-
trated in Figure 5.3 to represent the hypotheses of SSCS that are defined in (5.3), (5.5),
(5.4). The Hypothesis TBox is illustrated in Figure 5.5 showing the class definitions of the
three SSCS variants of interest: CrossingHypothesis, MergingHypothesis and Obstruct-
edHypothesis. The three classes are linked to roads of the Connectivity TBox via the
consists_of_roads property. That is, since a SSCS describes a situation with at least two
traffic participants involved that are associated to two roads (cf. e. g. equation (5.5)), we
define that a Hypothesis is an entity that consists of two roads via the axiom defined in
Listing 5.4. Due to this, every individual in the ABox that is linked to two individuals of
type Road via the consists_of_roads property will be classified as a Hypothesis.

Listing 5.4: The definition of a Hypothesis in Manchester syntax.
106 Class: Hypothesis
107
108 EquivalentTo:
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109 consists_of_roads exactly 2 conn:Road
110
111 SubClassOf:
112 owl:Thing

Unfortunately, the definition of the three SSCS is not straightforward in an ontology
in OWL 2 since OWL is not able to express all relations between individuals. Moreover,
individuals need to be stated explicitly in an ABox and cannot be defined by reasoning.
We could solve this problem by creating Hypothesis individuals of all road pair combi-
nations of an intersection and use Semantic Web Rule Language (SWRL) rules to classify
the hypothesis individuals. This approach will, however, populate the KB with irrelevant
hypothesis1. Another approach to solve the problem, which is employed in the following,
is to use SPARQL and search for road pairs in the KB matching the criteria (cf. (5.5), (5.3),
(5.4)) and adding the results as hypothesis individuals to the KB. For instance, we create
individuals of CrossingHypotheses by searching for roads pairs with the SPARQL query
shown in Listing 5.5.

CrossingHypot...

MergingHypot...∩
MergingHypot...

Road
(external) Hypothesis

ObstructedHyp...

MergingHypoth...

HypothesisCan...
CrossingHypo...∩
CrossingHypo...

ObstructedHy...∩
ObstructedHy...

ValidHypothesis∩
ValidHypothesis

road_is_part

consists_of_roads

Subclass of

Subclass of

Subclass of

Subclass of

Subclass of

Subclass of

has_candidates

is_candidate_for
(functional)

Figure 5.5: The Hypotheses TBox of the knowledge base visualized in VOWL.

1The hypotheses are irrelevant for the problem faced in this chapter and not in general.
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Listing 5.5: The SPARQL query to search for intersecting roads having no common
predecessor or successor.

1 SELECT ?r1 ?r2 WHERE {
2
3 ?r1 conn:intersect_with ?r2 .
4
5 ?r1 conn:has_successor ?r1_s .
6 ?r2 conn:has_successor ?r2_s .
7
8 ?r1 conn:has_predecessor ?r1_p .
9 ?r2 conn:has_predecessor ?r2_p .
10
11 ?r1 conn:road_index ?idx1 .
12 ?r2 conn:road_index ?idx2 .
13
14 FILTER (str(?idx1) < str(?idx2) && ?r1_s != ?r2_s && ?r1_p != ?r2_p)
15 }

In fact, the definition in (5.5) is translated using the properties defined in the Connec-
tivity TBox. That is, we search for two roads that geometrically intersect with each other in
line 3, which is the first condition in (5.5). The second and third conditions are depicted in
lines 5-9 by getting the successors and predecessor of both roads in combination with the
filter statement in line 14 to ensure that the successors and predecessor are different. The
query will return road pairs which are added as individuals of type CrossingHypothesis
to the knowledge base. To find individuals for themerging and obstructed scenario, similar
SPARQL queries are defined w.r.t (5.3) and (5.4).
As already denoted in Section 5.2 the hypotheses of SSCS need to be validated. In this

work, trajectories of traffic participants from the real-world are used for that task. The
Hypothesis ABox contains the ValidHypothesis class to indicate that a Hypothesis is
valid. For the validation, scenario candidates are extracted from the real-world dataset
of road user trajectories by associating them to the different roads of the intersection.
The Hypothesis ABox contains the HypothesisCandidate for that purpose, with each of
the three SSCS variants represented by a separate subclass. The property has_candidates
establishes the connection between a Hypothesis and its candidates. This allows defining
the SSCS subclasses as a HypothesisCandidate. For instance, the CrossingHypothesis-
Candidate can be defined as shown in Listing 5.6. That is, a candidate will be classified
as a CrossingHypothesisCandidate if it is associated to a CrossingHypothesis via the
is_candidate_for property.
Listing 5.6: The definition of a CrossingHypothesisCanddiate in Manchester syntax.

96 Class: CrossingHypothesisCandidate
97
98 EquivalentTo:
99 HypothesisCandidate
100 and (is_candidate_for some CrossingHypothesis)

The relation between a HypothesisCandidate and a Hypothesis not only allows defin-
ing the SSCS subclasses, but also classifying a Hypothesis as a ValidHypothesis according
to (5.9) as shown in Listing 5.7. That is, a Hypothesis becomes valid and thus classified as
ValidHypothesis if there are any individuals of HypothesisCandidate associated to it.
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MergingParti...
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Figure 5.6: The Participant TBox of the knowledge base.

Listing 5.7: The definition of a ValidHypothesis as a Hypothesis with candidates in
Manchester syntax.

153 Class: ValidHypothesis
154
155 EquivalentTo:
156 Hypothesis
157 and (has_candidates min 1 HypothesisCandidate)

In the last step of the approach depicted in Figure 5.3 the road users from a real-world
dataset that are already associated to roads of an intersection are represented in the knowl-
edge base. For that purpose, the knowledge base contains the Participant TBox as illus-
trated in Figure 5.6. Let us assume that all traffic participants of the dataset are associ-
ated to roads of an intersection (using the approach presented in Section 3.4). Further-
more, using the Hypothesis TBox we assume that road pairs are mapped to the different
variants of SSCS that potentially exist on the intersection. Lastly, we assume that road
users that are involved in a SSCS are extracted for every hypothesis variant. Then, for
every concrete scenario, a road user is assumed to be the ego participant and the other

112



5.4 Extraction and transformation of OpenDRIVE intersection

road users the challengers, represented as EgoParticipant and ChallengerParticipant
in the knowledge base. The road users are associated to a HypothesisCandidate via the
property is_participant_for, which is mapped to the specific SSCS variant via the prop-
erty is_candidate_for of the Hypothesis TBox. The Participant TBox also contains sub-
classes of the is_participant_for property for the ego and challenger case. For this def-
inition, we use SWRL rules2 as shown in Listing 5.8. For instance, an individual of EgoPar-
ticipant that is associated to a HypothesisCandidate via the is_participant_for prop-
erty can also be associated to that individual via the is_ego_participant_for property as
shown in Listing 5.8. Since the has_participants is the inverse of the is_participant_for
property, after reasoning we can find the ego participant and the challengers via the prop-
erties has_ego_participants and has_challenger_participantsof a scenario candidate.
Listing 5.8: The SWRL rules for the definition of the is_ego_participant_for and
is_challenger_participant_for properties.

1 EgoParticipant(?t) ^ is_participant_for(?t, ?v)
2 -> is_ego_participant_for(?t, ?v)
3
4 ChallengerParticipant(?t) ^ is_participant_for(?t, ?v)
5 -> is_challenger_participant_for(?t, ?v)

5.4 Extraction and transformation of OpenDRIVE
intersection

In the last section, the different ABox entities of the knowledge base were introduced and
the iterative approach for extending the knowledge base to ultimately find and validate
hypotheses of SSCS in an intersection. In the following, it is shown how to extract the
required topological information and the geometric representation of the intersection’s
digital representation given inOpenDRIVE format serving as the ABox sources. The overall
approach is depicted in Figure 5.7, which is described in the following.
Since the OpenDRIVE specification utilizes the eXtensible Markup Language (XML) syn-

tax, road networks in OpenDRIVE format are represented as such. To extract the connec-
tivity of an intersection, a XSL transformation is applied.
In OpenDRIVE, every intersection is represented by a junction and every road by a road

entity. A road entity has a junction attribute to associate it with a junction and contains
linking information to other road entities. For instance, the road 300015 of the junction
300000 is shown in Listing 5.93. Its predecessor is the road 100000 and successor the road
279000.

2Instead of using SWRL rules, one could also employ rolification to define this relationship [112], but SWRL
rules were chosen for the sake of clarity.

3For readability reasons, only excerpts from the XML files are shown.
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Figure 5.7: The intersection geometry and topological information is extracted from the
OpenDRIVE map to estimate SSCS hypotheses. These hypotheses are validated with
trajectories.

Listing 5.9: A road definition in OpenDRIVE with linking information to other road
entities.

1 <road ... id="300015" junction="300000">
2 <link>
3 <predecessor elementType="road" elementId="100000" ... />
4 <successor elementType="road" elementId="279000" ... />
5 </link>
6 ...
7 </road>

The road’s link information about the predecessor and successor is used to extract the
intersection’s connectivity with the XSL transformation defined in 5.10. Instead of ex-
tracting all intersections at once, the transformation is applied to single junction enti-
ties. This allows performing the transformation in parallel. For that purpose, the $junc-
tion parameter in Listing 5.10 is utilized. For every road that is part of the intersection
defined by $junction, a node element will exist in the resulting XML file. Every node el-
ement has an attribute id denoting the identifier of the road, predecessor the identifier
of the preceding and successor for the following road.
Listing 5.10: The XSL transformation to extract an intersection’s connectivity.

1 <xsl:for-each select="road[@junction=$junction]">
2 <node>
3 <xsl:attribute name="id">
4 <xsl:value-of select="@id" />
5 </xsl:attribute>
6 <xsl:attribute name="successor">
7 <xsl:value-of select="link/successor[@elementType=’road’]/@elementId" />
8 </xsl:attribute>
9 <xsl:attribute name="predecessor">
10 <xsl:value-of select="link/predecessor[@elementType=’road’]/@elementId" />
11 </xsl:attribute>
12 </node>
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13 </xsl:for-each>

The final XSL file for the transformation is depicted in Listing 5.11. Since the root node
of the OpenDRIVE file is the OpenDRIVE element, we will match it and create a new inter-
section element with the id specified by $junction. The latter is a parameter of the XSL
transformation defined in Listing 5.11:2. The connectivity element of the intersection
contains the content from Listing 5.10.
Listing 5.11: The XSL transformation to extract an intersection’s connectivity.

1 <xsl:stylesheet version="1.0" xmlns:xsl="http://www.w3.org/1999/XSL/Transform">
2 <xsl:param name="junction" />
3 <xsl:template match="/OpenDRIVE">
4 <intersection>
5 <xsl:attribute name="id">
6 <xsl:value-of select="$junction" />
7 </xsl:attribute>
8 <connectivity>
9 <!-- content from Listing 5.10 -->
10 </connectivity>
11 </intersection>
12 </xsl:template>
13 </xsl:stylesheet>

Applying the transformation to the OpenDRIVE file for the DLR AIM research intersec-
tion generates a XML file partly depicted in Listing 5.12. Every road of the intersection
is represented as a node element with attributes linking to the successor and predecessor
nodes.
Listing 5.12: The extracted connectivity of the DLR AIM research intersection.

1 <?xml version="1.0"?>
2 <intersection id="300000">
3 <connectivity>
4 <node id="300010" successor="200000" predecessor="179000" />
5 <node id="300011" successor="180000" predecessor="100000" />
6 ...
7 <node id="300025" successor="279000" predecessor="179000" />
8 </connectivity>
9 </intersection>

To create hypotheses of SSCS a transformation is applied to the XML with the intersec-
tion’s connectivity to represent the intersection’s topological information as a DAG serv-
ing as the ABox. In fact, the definition of an intersection as a subset of a network 𝑖 ⊂ 𝑁
and 𝑁 = {𝑊,𝜙} matches the definition of a DAG𝐺 = {𝑉 , 𝐸} with𝑉 as the vertices and 𝐸
as the edges. The vertices are the roads and the edges are represented in the connectivity
set.
To transform the XML file with the intersection’s connectivity to a DAG denoting the in-

tersection’s topological information, the Connectivity parser implements Algorithm 2.
In a nutshell, the Algorithm 2 converts the list of nodes from the XML file to a graph of
nodes and adds two virtual nodes denoting the start and end of the graph. The latter
enables to easily identify incoming and outgoing roads of the intersection. This work em-
ploys the NetworkX [94] package since it allows managing and processing graphs, such as
a DAG, in Python.
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Algorithm 2 Extract the topological relationship as a DAG using the intersection’s con-
nectivity.
Input: Connectivity 𝜙
Output: Topology 𝐷 (𝑊,𝜙)

// Initialization:
1: 𝑁start, 𝑁end := virtual start and end node
2: 𝐷 := {{𝑁start, 𝑁end}, {}} // initialize DAG
// Graph setup

3: for all 𝑛 in 𝜙 do
4: // add nodes to DAG
5: 𝐷𝑊 := 𝐷𝑊 ∪

{
𝑛𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 , 𝑛𝑖𝑑 , 𝑛𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑜𝑟

}
6: // create links for predecessor node
7: 𝐷𝜙 := 𝐷𝜙 ∪

{
(𝑁start, 𝑛𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 ), (𝑛𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 , 𝑛)

}
8: // create links for the successor node
9: 𝐷𝜙 := 𝐷𝜙 ∪ {(𝑛, 𝑛𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑜𝑟 ), (𝑛𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑜𝑟 , 𝑁end)}
10: end for

Applying the Algorithm 2 to the example intersection’s connectivity XML file gives the
DAG depicted in Figure 5.8. The two blue nodes represent the virtual start 𝑁𝑠𝑡𝑎𝑟𝑡 and end
𝑁𝑒𝑛𝑑 nodes represented in the Connectivity TBox as StartNode and EndNode. The other
nodes stand for roads of the intersection. The arcs between the nodes denote the inter-
section’s connectivity represented via the is_succesor property in the TBox.
Representing the intersection as a DAG as shown in Figure 5.8 has several advantages. At

first, wehave a clear visual representation of how roadusers cross the intersection. That is,
all paths from the start node to the end node represent a possible driving route through
the intersection, while assuming normative behavior of traffic participants. Moreover,
grouping roads as defined in (5.1) becomes now straightforward. By dividing the graph
into layers from the start node to the end node, the first layer would be the incoming roads
𝑊𝑖𝑛 , the second the connecting roads𝑊𝑏𝑒𝑡𝑤𝑒𝑒𝑛 and the third layer the outgoing roads𝑊𝑜𝑢𝑡 .
This allows verifying the results after reasoning on the ABox visually.
The geometry of the intersection’s roads as depicted in Figure 5.7 are required to cre-

ate hypotheses. For that purpose, the OpenDRIVE reference lines are employed, which
are also used in Section 3.4 for route estimation. In OpenDRIVE, every geometric entity is
represented by different geometric shapes, such as arcs, curves or lines or combinations
of them. The Geometric converter uses the opendrive2lanelet [68] Python package to
convert reference lines into, so-called, LineString objects. That is, every reference line
is represented by a series of points by sampling the OpenDRIVE geometric entity defini-
tion. Since the widely used GeoPandas [113] natively supports LineString objects, the
Geometric converter, which is also made publicly available [114], provides the road net-
work as a GeoDataFrame. The road geometries of the example intersection are depicted in
Figure 3.25 in Section 3.4.
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Figure 5.8: The extracted topology of the DLR AIM Research Intersection depicted as a
Directed Acyclic Graph (DAG).

5.5 Results and discussion

The knowledge base of SSCS allows to formally describe and systematically identify SSCS
scenarios in an urban intersection. This chapter will show the result of building the SSCS
knowledge base using the digital representation of the DLR AIM research intersection in
OpenDRIVE format and real-world data collected in that area. In particular, the a priori
inferred hypotheses will be used to find crossing scenarios for demonstrating the feasibility
of the presented approach. Moreover, itwill shownbe that the SMoSPET (see Section 2.4.3)
can be used to validate hypotheses of crossing scenarios.

5.5.1 Dataset

For evaluation, a dataset is employed that is collected on the 12th April 2023 from10:00 un-
til 24:00 that contains only motorized traffic participants. The route estimation approach
presented Section 3.4 was applied to associate the road users to the intersection’s roads.
The dataset was clustered, to get road pairs that overlap in time for each crossing hypoth-
esis. Road pairs having a PET smaller than four seconds were filtered out. These pairs are
the candidates of SSCS hypotheses used for validating SSCS hypotheses.
The traffic density distribution of the dataset is depicted in Figure 5.9 on an hourly basis

with traffic participants associated to the different routes. For reasons of readability and
clarity, the routes derived from the OpenDRIVE topology are mapped to the four cardi-
nal directions East, North, South, West to describe the entry and exit directions of road
users. For instance, the route [

201000, 300018, 200000
] is represented as WestEast since

road users enter the intersection from the west and leave it to the east. The road users
that enter and leave the intersection from the same direction are grouped into other since
the roads are not part of the crossing scenario hypotheses defined in (5.10).
The traffic density in the used dataset increases from 10:00 of approx. 2, 800 number of

road users until reaching its peak at 13:00 of approx. 3, 700 road users. Afterwards, the
density steadily decreases to the overall lowest density at 23:00 of 90 road users. Since
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Figure 5.9: The evaluation dataset contains motorized traffic participants crossing the
intersection on different routes. The routes are represented by the cardinal directions in
which road users enter and leave the intersection. The four routes in which a road user
enters and leaves the intersection in the same direction are aggregated in other.

the aim is to validate crossing scenario hypotheses, the dataset should contain road users
associated to the roads that are part of scenario candidates defined in (5.10). Figure 5.9
clearly shows that the dataset contains a vast number of road users per route. Thus, it can
be assumed that if a crossing hypothesis is valid, the dataset should contain pairs of traffic
participants that are associated to the corresponding routes.
The methodology of map-driven maneuver identification proposed in Chapter 4 also

enables to analyze the maneuvers conducted by traffic participants while crossing the in-
tersection. In Figure 5.10 the distribution of maneuvers conducted by road users is illus-
trated. The majority of road users cross the intersection straight (𝑛 = 13852), followed
by right (𝑛 = 7191) and left turns (𝑛 = 7160), with a minority of road users (𝑛 = 400)
performing u-turns.

5.5.2 Results

The methodology proposed in this chapter allows identifying combinations of routes and
thus space-sharing conflict scenarios hypotheses. Since the traffic flow is regulated via,
e.g., traffic lights and traffic rules, not all hypotheses are valid. In the following, an ex-
ample will be provided of how to identify hypotheses of SSCS and verify these hypotheses
using the dataset previously described, specifically for the crossing scenario.
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Figure 5.10: The dataset used for evaluation contains motorized traffic participants
crossing the intersection by performing different maneuvers.

Classification of roads

To create hypotheses of SSCS it is mandatory that the roads of the intersection are classi-
fied correctly. Otherwise, the knowledge base may contain non-existent hypotheses. The
result can be visually verified after reasoning on theABox andTBox using the digital repre-
sentation of the intersection. Figure 5.11 shows the results for the three road types using
the DAG representation of the intersection. The incoming, connecting and outgoing roads
are depicted from left to right, while the classified roads are highlighted in red. The figure
indicates that all roads are correctly classified.
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Figure 5.11: The roads of the intersection are classified using the Connectivity TBox.

Identification of crossing scenarios

To identify and extract concrete crossing scenarios from real-world data, hypotheses are
defined in Section 5.3. To find hypotheses of crossing scenarios on the AIM Research in-
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tersection, the OpenDRIVE reference line for each road is used. Figure 5.12 illustrates the
results. The left panel of Figure 5.12 shows the intersection with the reference lines and
the crossing points of all potential scenario candidates (𝑛 = 38). By applying (5.5) invalid
scenarios are filtered out using the road topology and the information about a road’s pre-
decessors and successors. Thus, the final set of crossing hypotheses is

𝐻𝐶 =
{
(300015, 300014), (300016, 300014), (300017, 300015),
(300018, 300014), (300018, 300015), (300018, 300017),
(300019, 300016), (300019, 300017), (300020, 300016),
(300020, 300017), (300020, 300018), (300020, 300019),
(300021, 300014), (300021, 300015), (300021, 300016),
(300021, 300019)

}
.

(5.10)

and contains 𝑛 = 16 pairs of routes (see Figure 5.12 (right)). Note that all points are re-
moved where different roads merge together or dissolve and only points in the center of
the intersections are left.

Figure 5.12: The roads crossing each other are candidates for crossing SSCS. Left: All
crossing points on the intersection. Right: The relevant crossing points after filtering
using the road topology.

Validation of crossing scenarios

The set of road pairs contains all potential hypotheses of crossing scenarios. As illustrated
in Figure 5.7 the hypotheses need to be validated. For this purpose, concrete scenarios
were extracted from real-world data. This topic will be discussed in Chapter 6. Figure 5.13
shows the hourly distribution with a total number of 562 scenario. The left panel of the
diagram shows the distribution of concrete scenarios throughout the day, while the right
side shows the total number of incidents per scenario hypothesis in logarithmic scale.
Note that the right diagram serves as the legend of the left one. Both diagrams clearly
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show that the most crossing scenarios occur for the WestNorth-EastWest hypothesis with
428 incidents and thus 76% of all scenarios. The other scenarios primarily occur between
10:00 and 17:00.
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Figure 5.13: The distribution of crossing scenarios in the dataset. Left: The number of
scenarios throughout the day (scenarios are color-encoded). Right: The number of traffic
participants per crossing scenario in logarithmic scale.

Another perspective on the experimental results is given in Table 5.1, showing the num-
ber of concrete scenarios for different routing pairs (crossing hypotheses). The crossing
scenario hypotheses defined in (5.5) are highlighted and the pairs of routes without any
associated road users are denoted as "-". Regarding the validation of scenario hypothe-
ses, the table helps to identify valid and invalid hypothesis. That is, cells in the table that
are not highlighted and contain "-" do not represent crossing scenario hypotheses or have
any associated roadusers. Thehighlighted cells that contain "-" are hypotheses of crossing
scenarios but without any associated road users and could be assumed invalid hypothe-
ses. The highlighted cells without a "-" represent the number of concrete scenarios for
this hypothesis and thus could be assumed valid.
The experimental results shown in Table 5.1 indicate the following. There are 10 hy-

potheses with at least one pair of road users involved in the crossing scenario. Hence,
there are 6 hypotheses without any associated road users. That is, for this experimental
setting, and for the use case of identifying crossing scenarios, the original number of road
pairs with crossing reference lines could be reduced from 38 to 16 (the crossing scenario
hypotheses) by considering the road network topological information, down to 10 scenar-
ios (the valid hypotheses) using real-world trajectory data, reducing the overall number
of relevant road pairs by 73.68%.
The right diagram of Figure 5.13 and the Table 5.1 also shows that there are three cross-

ing scenario hypotheses having a single incident. If they are really valid crossing scenarios,
why is there only a single incident of each scenario? In the following, wewill analyze these
scenarios using the trajectory data and video material to verify if theses hypotheses are
valid.
The trajectories of the road users involved in the three scenario hypotheses with single

incidents are depicted in Figure 5.14. The figure illustrates the spatial relationship of the
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Table 5.1: The crossing scenarios identified in the dataset with at least two traffic
participants involved having a PET smaller than four seconds. The hypotheses of
crossing scenarios derived from the road network are highlighted.

EastSouth EastWest SouthNorth SouthWest WestEast WestNorth
EastSouth - - - - - -
EastWest - - 6 - - -
NorthEast 23 - 4 - - 63
NorthSouth - - - 1 1 23
SouthWest - - - - - -
WestEast 15 - - 1 - -
WestNorth - 459 - - - -

road users. It is clearly visible that both trajectories intersect. To determine the cause of
the incident, the video-material provided by the cameras was analyzed.
NorthSouth / WestEast WestEast / SouthWest NorthSouth / SouthWest

Figure 5.14: The three single incidents of crossing scenarios. The trajectories of both
traffic participants involved in this scenario are depicted.

The first concrete scenario depicted in Figure 5.14 occurred because of a firefighter-
vehicle crossing the intersection (see Figure 5.15). The firefighters enter the intersection
from the west (see Figure 5.15 left) and exit it towards the east. The other road users wait
and continue their route, crossing the path of the firefighter-vehicle two seconds later (see
Figure 5.15 right).
The second concrete scenario depicted in Figure 5.14 occurred because of a police ve-

hicle crossing the intersection (see Figure 5.16). The vehicle enters the intersection from
the west (see Figure 5.16 left) and exit it towards the east. The other road users wait and
continue their route, crossing the path of the police vehicle three seconds later (see Fig-
ure 5.16 right).
The third concrete scenario illustrated in Figure 5.14 shows a vehicle (white) crossing

the intersection violating the red-light rule. Three situations (𝑡1, 𝑡2, 𝑡3) of this scenario are

122



5.5 Results and discussion

10:43:53 10:43:57 10:44:00

Figure 5.15: Three situations from the crossing scenario, in which a firefighter vehicle
crosses the intersection from west to east while other road users wait before continuing
their paths.

14:31:34 14:31:37 14:31:40

Figure 5.16: Three situations from the crossing scenario, in which a police vehicle
crosses the intersection from west to east while other road users wait before continuing
their paths.

depicted in Figure 5.17 for three cameras pointing in different directions of the intersec-
tion (North, South, East). At 𝑡1 the white vehicle is visible in the image of the South camera
waiting to cross the intersection. Note that vehicles crossing the intersection straight
from south as well as both left-turn lanes have a red light. At 𝑡2 the vehicles crossing the
intersection straight from south have a green signal and thus already entered the inter-
section. The white vehicle also enters the intersection to perform a left-turn. Note that
the oncoming vehicles also have a green light and are allowed to cross the intersection.
For instance, the vehicles waiting at 𝑡1 in North are leaving the intersection at 𝑡2 in South.
At 𝑡3 the white vehicle stands on the intersection, but on one of the two oncoming lanes,
giving way the oncoming vehicle. In fact, the white vehicle needs to break sharply to avert
a collision with the oncoming vehicle. This is also visible in Figure 5.18 showing the ve-
locity profile of both road users4. The white vehicle (SouthWest) starts accelerating at
11:58:25 (one second before 𝑡2 in Figure 5.17) until 11:58:27 up to a velocity of approx. 20𝑘𝑚ℎ .
At 11:58:31 the white vehicle starts to decelerate sharply to a full stop in 1.5 seconds, pre-
venting a collision with the oncoming vehicle (NorthSouth). It is worth noting that even
though the incoming vehicle had a clear view of the white vehicle, it did not reduce its
speed significantly or perform any evasive maneuver.

4The trajectory of the road user NorthSouth is available for a limited duration of the scenario.
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𝑡1 =11:58:21 𝑡2 =11:58:26 𝑡3 =11:58:32

North

South

East

Figure 5.17: The images from three cameras pointing in different directions (rows) for
three situations (columns) of the crossing scenario NorthSouth / SouthWest with single
incident. The white vehicle entering the intersection from the south violates the red
light rule.

5.5.3 Discussion

The three presented concrete crossing scenarios are valid crossing scenarios in terms of
our previous definition. So, one could conclude that the corresponding hypotheses are
also valid and provide crossing scenarios, reading the Table 5.1 as it is: For every cell with
at least one pair of road users, the hypothesis is assumed valid. However, it is arguable if
this is generally acceptable because the three situations are atypical because they occur
due to non-normative behavior of traffic participants. If the dataset of crossing scenar-
ios should be used to train a system to automatically cross the intersection, unwanted
behavior might be integrated into the model, e. g., violating red light rule. However, this
situation might help to develop AVs that are able to safely and comfortably cross inter-
sections in future mixed traffic environments, using this scenario as an example of traffic
rule violation by human road users. An AV even have to cope with such types of atypi-
cal behavior, especially if the available traffic infrastructure is shared among humans and
autonomous systems. This topic is still investigated extensively in academia, particularly
scenarios involving vulnerable road users [115][116]. For that use case, the three single
incident hypotheses could not be classified as valid since it would not be able to identify
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Figure 5.18: The velocity profile of both road users engaged in the concrete crossing
scenario NorthSouth / SouthWest as the result of a red-light violation.

them using the presented approach. Instead, the hypotheses could be classified as norma-
tive or non-normative. That is, the three hypotheses with single incident are non-normative,
while the other valid hypotheses are normative.
The same classificationwould apply if the scenario knowledge base is used as foundation

for traffic flow analysis to, for instance, adapt green light phases [117]. In that case, the
hypotheses would be assumed invalid to ensure a solid and valid data basis for analysis.
The concrete scenarios of the other crossing scenarios are used to analyze and potentially
adapt the green light phases to, e. g., reduce the number of critical encounters, or increase
the overall throughput.
The experimental results presented so far lead from the assumption that a crossing hy-

pothesis is valid if there are scenario candidates having a PET lower than a certain thresh-
old. That is, all scenario candidates having a PET higher than this value are not considered,
thus affecting the overall number of scenarios. This work chooses a PET of four seconds
for demonstration purpose. This value guarantees that the set of crossing scenario can-
didates does not only include close encounters. In fact, if a PET value of, for instance,
two seconds as in [118], is chosen the three previously presented incidents would not be
identified. Hence, choosing the PET threshold w.r.t the use case is recommended.

5.6 Summary

In the near future, automated vehicles will become available and share the available traffic
infrastructure with human-driven cars. Thus, they not only have to pursue their driving
task autonomously, which is already a complex task, but also need to copewith unforeseen
situations, e.g., as a result of a red light violation. Since the automated vehicle is in conflict
with other road users, the systemmust be able to perform situation-dependent strategies.
For the development of such strategies, the understanding of human behavior is vital —
especially in rare situations.
Scenarios occuring in the real-world help to analyze the human behavior and thus en-

able to develop mentioned strategies. In this chapter, a methodology is proposed to sys-
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tematically find scenarios inwhich road users compete for the use of infracture, the space-
sharing conflict scenario (SSCS) presented in Section 2.4. The overall approach aims at
building a knowledge base of SSCS by formally defining hypotheses of SSCS that poten-
tially exist on an urban intersection. For that purpose, the knowledge base contains dif-
ferent TBoxs, each focusing on specific entities in this context. In fact, one TBox represent
the topological information of an intersection in the knowledge base. This is used in the
second TBox to define hypotheses of SSCS. Since this step requires adding individuals to
the knowledge base, SPARQL queries were defined to find pairs of roads matching with
the definitions of SSCS. The third TBox allow representing road users that are associated
to roads of the intersection in the knowledge base. Since the overall approach is based
on a digital representation of an intersection in OpenDRIVE format, it was shown how to
extract the required information from that digital map. This information serves as the
ABoxs of the knowledge base.
The presented methodology was validated using the AIM Research Intersection and a

dataset of motorized road users to identify crossing scenarios. That is, road users, the sce-
nario candidates, are identified that are involved in the extracted SSCS. Those candidates
and the SMoS PET are used to validate scenario hypotheses. The results has shown, that
choosing the PET value is critical for hypothesis validation. In particular, choosing a use
case related PET value is proposed to address the different requirements and goals.
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A modular platform for scenario mining

The Scenario mining platform (Scenimini) combines the results of Chapter 3, Chapter 4
and Chapter 5 into one platform for the purpose of scenario identification, extraction

and analysis, addressing the O.II . In the following, an overview is given of how Scenimini
is organized. Moreover, the scenario mining process is defined. It serves as the basis for
the realization of the Scenario mining pipeline (SMP) as a key component of Scenimini
for scenario extraction. The following chapter will also present the Python library Traffic
situation analysis and interpretation (TASI) in Section 6.3.2 used by the SMP for traffic
datamanagement and analysis and the ScenORM in Section 6.3.1 as a scenario-driven ORM
for an object-oriented and scenario-oriented view of traffic data management in a RDB.
The chapter Section 6.4 concludes with an overview of recent and current use-cases and
examples on the utilization of Scenimini for traffic analysis in the urban domain, rural
area and on the highway.

6.1 Scenario mining platform architecture

Scenimini is a collection of components realized as a distributed system. This work follows
the established architectural style to logically divide applications into layers [119] and or-
ganize Scenimini in three tiers as illustrated in Figure 6.1. Note that the arrows visualize
the data flow between the components.

Data tier As for all data processing processes, data is the main building block. This also
holds for Scenimini with the data tier representing various data sources. The GeoServer1 is
an open-source server for sharing geospatial data in standard protocols such as the Web
Feature Service (WFS) or the Web Map Service (WMS). It is employed by the SMP services
to solve tasks that require a digital representation of the road network. Furthermore, the
applications use the GeoServer in combination with trajectory data for visualization pur-
pose. The second component is traffic data, which is obtained for a period of time during
test campaigns via floating vehicles or quasi-stationary infrastructure or continuously by
stationary infrastructure (see Section 1.1.3). The acquired traffic data includes trajectory
data of traffic participants obtained from different sources such as the VuT or traffic in-
frastructure, as well as weather information and video data. The third component Scenario
storage stores the scenario-related results extracted from traffic data by the components

1https://geoserver.org/

127



Chapter 6 A modular platform for scenario mining

Figure 6.1: The three tier architecture of the scenario mining platform.

of the processing tier. In fact, its the representation of traffic data using a scenario-oriented
view through different variants of scenarios, maneuvers and primitives, as shown in Chap-
ter 3 and Chapter 4.

Processing tier The middle layer of Scenimini is the processing tier and its main pur-
poses are the processing of traffic data for the sake of a scenario-oriented view of traffic
data andproviding access to the data layer via standardized interfaces. The SMPwhichwill
be introduced in Section 6.2 is a specialized data processing pipeline dedicated to the ex-
traction of scenarios from traffic data. It results are employed by the Knowledge base that
was introduced in Chapter 5. The SMP and the Knowledge base access the components of
the data tier through the Traffic Processing API (TAP-API). It provides standardized access
to the data tier via specialized interfaces and a toolkit for traffic data management and
analysis which will be presented in Section 6.3.

Application tier The topmost layer of Scenimini is composed of applications. Its com-
ponents use the results of the processing tier according to the specific use case. For that pur-
pose, the applications use the interfaces provided by the TAP-API. The applications vary
and are dependent on the use case. This includes the visualization of extracted scenar-
ios, perform qualitative and quantitative scenario analyses, or for the purpose of scenario
(re)simulation in simulation environment.
The descriptions thus far give a general outline of the tiers and components of Sceni-

mini. The overall purpose of Scenimini and the relationship between the different tiers
and components, is, however, best described through an example. Let us reconsider the
use case from Chapter 5, which was about the analysis of the behavior of traffic partici-
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pants at an urban intersection during crossing scenarios. The data tier provides the trajec-
tories of traffic participants that are required to find the actual crossing incidents. More-
over, the digital representation of the road network, provided by a GeoServer, is used to
estimate each traffic participant’s route while traveling through the intersection. The ac-
tual fusion of traffic data and the digital map of the road network, as well as the data
enrichment for the sake of scenario extraction takes place within the SMP. The crossing
scenarios extracted by the SMPare persistently stored in the Scenario storage of the data
tier and used by the Knowledge base to validate the scenario hypotheses. The quantitative
analysis of crossing scenarios conducted in Section 5.5.2 can be located in the application
tier, while it uses the Traffic processing API to query the scenarios from the scenario
storage. The same holds for the visualization of the traffic participants that are involved
in the scenario on a satellite image of the intersection in Figure 5.14, and in video data ac-
quired by the camera-based traffic infrastructure. The Traffic processing API provides
access to the data as well as to the GeoServer hosting the satellite images.

6.2 Scenario mining pipeline

The Scenario mining pipeline (SMP) plays a vital role in Scenimini. It is located in the
processing tier and connects various sources of information for the purpose of finding sce-
narios in trafficdata. In the following, a several aspects of the SMPare highlighted. At first,
an overview of the overall scenario mining process is given, i. e. how to structure traffic
data in terms of scenarios. Then, it is shown how the SMP is organized for the purpose of
scenario mining. Finally, this section will show how the SMP is configured and deployed.

6.2.1 Scenario mining process

The main purpose of the SMP is to organize traffic data in terms of scenarios. As scenario
descriptions can vary, the scenario mining process usually depends on the scenario of in-
terest. But, there are common processing tasks that are shared across the scenarios and
are part of nearly all data processing tasks. In [87], a four-stage process was proposed
for maneuver mining. In the following, this perspective is adapted for the process of sce-
nario mining and divided into three primary tasks as illustrated in Figure 6.2, which will
be briefly described in the following.
The first task involves the preprocessing of traffic data and represents the first two

stages of [87]. Especially if the traffic data is collected in the real world, it is prone to er-
rors and data preprocessing becomesmandatory. [99] This task involves filtering to reduce
measurement outliers and smoothing to reduce measurement noise or adding missing in-
formation due to data inconsistencies. Furthermore, if traffic data should be fused with
other data sources, it typically needs to be aggregated so that different data source share
a common time base.
The second task is dedicated to add information to the available traffic data by, e. g.,

data fusion. For instance, a scenario description usually specifies on which road traffic
participants drive. For that purpose, the traffic data needs to be fused with information
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from a digital representation of the road network via map matching served by a GeoServer.
Hence, traffic data is enriched by linking road users to the digital representation of the
road network. Another focus of this task is the semantical representation of traffic data
in terms of primitives and the description of driving behavior on terms of maneuvers as
shown in Chapter 3.
The third task structures traffic data in terms of scenarios. The aim is to identify the

scenarios of interest based on the enriched traffic data and the semantical representa-
tion of the traffic participant’s driving behavior based on primitives and maneuvers. This
task also involves the analysis of scenarios and filtering according to specific parameters
defined in the scenario description. For our previous use case with crossing scenarios, a
relevant parameter is the PET. That is, scenariosmay be selectedwhere traffic participants
interact within a specific PET range.

Figure 6.2: The overall process of scenario mining from real-world traffic data that is
implemented in the scenario mining pipeline.

6.2.2 System architecture

The scenario mining process describes how traffic data is processed to find the scenarios
of interest. This procedural view is transferred to an architectural view and the SMP is
organized as a collection of tasks that is logically represented with the three layers (see
Figure 6.3). Moreover, the tasks of the scenario mining process are encapsulated so that
each of themwork independent of the other tasks. This is due to the requirements that the
SMP’s functionality should be extendable during runtime and that the SMP should be used
for various use cases and thus needs to be customizable. To achieve this, a service-oriented
architecture (SOA) is employed for the SMP, which is thus, according to [119], a collection
of loosely organized tasks, each encapsulated as a service. In the context of SOA, the term
loose coupling typically arises and generally means that services provide an interface for
their functionality to cooperatewith others, instead of directly communicatingwith other
services [120]. The major benefits of loosely coupling services are, according to [120], that
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additional services can be easily integrated into the systemby using the interfaces of other
services, and that services can be used in other use cases where the service’s functionality
is required.
Each service of the SMP thus performs a specific task along the scenario mining process

and, consequently, every layer of the SMP is composed of several services (illustrated as
circles in Figure 6.3). That is, a service may smooth trajectories of traffic participants or
associate traffic participants to roads of a road network. With each service having a ded-
icated purpose, the visualization of the scenario mining process from Figure 6.2 can be
transformed to the arrow shown at the bottom of Figure 6.3. That is, the scenario mining
process is realized by connecting the tasks of the SMP’s services.

Figure 6.3: The realization of the scenario mining pipeline as a distributed system
following a service-oriented architecture (SOA).

Input and output connectors Thus far, the scenario mining process was illustrated as
a series of encapsulated tasks. However, if the process is considered as a data flow from
traffic data to scenarios through services, it must be specified how data is flowing into and
out of the SMP. To accomplish this, the SMP contains two sets of components: the input
and output connectors.
The input connectors on the left side of Figure 6.3 are components that manage the infor-

mation flow from persistent storages (e. g. an RDB) or from traffic infrastructure via Kafka
into the SMP dependent on the use case. Let us consider the use case in which scenarios
should be mined from historical traffic data that is managed in a RDB for a specific time
range. In that case, the connector implements the three-phase extract-transform-load
(ETL) process. In the first phase extract, the connector fetches the information for that
time range from the RDB. In the second phase transform, the connector converts and prop-
erly prepares the information so that other services are able to process it. Finally, in the
load phase, the service forwards the information into the SMP. Another use case is quasi-
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live scenario mining, in which traffic data from an RDB is to be processed up to a point in
time before the last available time (lag time). As in the previous use case, the connector
needs to fetch traffic data from the database. But, it also needs to track the progress to
verify that traffic data is forwarded up to the lag time and send new incoming data. The
same use case could be based on information that is collected from traffic infrastructure
and distributed via, e. g., Kafka. In that case, the connector needs to aggregate information
from Kafka, convert the data and forward it into the SMP.
The output connectors on the right side of Figure 6.3 are components that store the results

in a persistent storage. Since the components of the application layer in Figure 6.2 as well as
the Knowledge base use these results, several output connectors exist. The purpose of one
connector is to store the details of the extracted scenarios in a RDB. Another connector
saves videos of the scenarios for in-depth scenario analysis. Note that although the output
connectors are on the right side of the SMP, they can be attached to services along the
scenario mining process to, e. g., allow storing intermediate results in a RDB.

Service communication The SMP is organized as a collection of loosely coupled ser-
vices to realize the scenario mining process. Although services should work independent
of other services, they can cooperate with others along the aforementioned process in
the SMP. There are several ways discussed in the literature to establish communication
between services in a distributed system with a SOA. Since the SMP should be highly flex-
ible in terms of the services that realize the scenario mining process and fault tolerant
in case of service failure, message-oriented communication between services is used. For
that purpose, a MOM is employed that manages the communication between services via
persistent message queues. This is also illustrated in the bottom arrow of Figure 6.3 where
the tasks of the scenario mining process, that are encapsulated in services, are connected
via queues. Every service that publishes information into the SMP (producer), sends mes-
sages to the MOM, which forwards the message to the destination queue. A service of the
SMP that demands information from another service (consumer), subscribes to the named
queue and will be notified if a new message arrives.
In this work, RabbitMQ is used as a lightweight and open-source MOM [121]. In Rab-

bitMQ exists another entity along the message exchange process between consumers and
producers, the exchange. That is, instead of directly forwarding messages from a producer
to queues of consumers, they will be send to exchanges and RabbitMQ internally forwards
them to bound queues using different strategies. An example is illustrated in Figure 6.4
in which the service S.A publishes messages and the three services S.B, S.C and S.D sub-
scribes to those messages via the exchange E.A. Every service has its own queue (Q.A, Q.B,
Q.C) bound to the exchange E.A. In this example, the messages published by S.A are for-
warded via the exchange E.A to all services since it is a fanout exchange.
To meet the needs for a highly customizable SMP design, the fanout exchange variant

is employed by default along the scenario mining process. This strategy allows to realize
branches of the scenario mining process, with every branch having a specific purpose. As
indicated in Figure 6.4, the services S.B, S.C and S.D process the message from S.A and
could also publish their results, which in turn could be used by other services, thus forming
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Figure 6.4: An example illustrating the usage of RabbitMQ fanout exchanges within the
SMP along the scenario mining process.

a tree-like data flow. A branch of such tree could, for instance, be responsible for mining
a specific scenario or for storing intermediate results.
The scenario mining process is composed of several tasks. Since the complexity of tasks

can vary due to various reasons and thus the tasks can have different run times, individual
tasks may become a performance bottleneck, limiting the overall throughput of the pro-
cess. This is a critical issue due to the amount of traffic data that is continuously collected,
particularly by traffic infrastructure and the need to process the data in foreseeable fu-
ture. A typical approach to overcome bottlenecks is the concurrent processing of those
complex tasks. In context of the SMP, multiple instances of a service are created to scale
the SMP.
Let us consider the example illustrated in Figure 6.5 where the service S.B from Fig-

ure 6.4 is computationally intensive and poses a bottleneck in the overall process. To
overcome this, the service is deployed three times as S.B1, S.B2, S.B3. Since a message
should be forwarded to one of the three services, they consume messages from the same
queue Q.A. That is, the messages will be scheduled such that a message is processed once
by any of the three services. This strategy makes it possible to create multiple instances
of a service in order to counteract performance bottlenecks.

6.2.3 Development and deployment

The SMP follows a service-oriented architecture (SOA), with every service implementing
a specific task along the scenario mining process. Since the SMP is a collection of loosely
coupled services, it must be specified which services are required to mine a specific sce-
nario, how services exchange information andhow theymust be implemented so that they
can be integrated into the SMP.
The scenariomining process illustrated in Figure 6.2 shows the process from traffic data

to scenarios in linear format. The development of the SMP, however, follows an iterative
approach of six phases. Figure 6.6 shows an abstract view on the process.
The first step of the overall process is to define the scenario of interest with all partic-

ipating actors including their behavior and other environmental parameters. This defi-
nition is used to create the actual scenario mining process for that particular scenario.
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Figure 6.5: An example illustrating scaling the SMP by running multiple instances of a
service and using RabbitMQ fanout exchanges.

That is, the aim is to break down the overall process into individual independent tasks.
This also includes specify each task in detail as represented by the Task definition phase.
For the definition of the tasks, the six-layer model of [67] can be employed. At first, the
scenario-relevant parameters, attributes and relations for each layer are identified using
the environmental model. Then, it must be specified how to obtain the information. This
specification can be decomposed into dedicated steps, with each step representing a task
of the scenario mining process. Since the SMP is decomposed of services, every task needs
to be implemented as a service. To finally realize the scenario mining process based on
the broken-down process and the list of services, the SMP is configured and deployed.
The final step is the analysis of the extracted scenarios according to the use case. If the
findings from this step result in further relevant scenarios or there are multiple scenarios
that should be extracted, the process starts again from the beginning.
Since the services should be reusable for different use cases, they are registered in a

central service repository upon definition (see Figure 6.8). That is, if a task is not represented
by a service and thus not registered at the service repository, it needs to be implemented
and registered by the service developer. This is indicated in Figure 6.8 as the connection
between the service implementation phase and the service repository. In the SMP configuration
phase, the service definitions are utilized to configure the SMP instance. On deployment,
the service definitions are fetched from the service repository to create the SMP instance.
In the following, some of the phases are described in more detail to give further insights
into the process.

Service definition The first two phases of the overall process are concerned with the
definition of the scenario that should be extracted from traffic data and breaking down the
scenario mining process into individual tasks. This will be demonstrated in Section 6.4,
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Figure 6.6: The six-phased development and deployment process for scenario mining
using the Scenario mining pipeline (SMP).

where Scenimini and in particular the SMP is used for different use cases and environ-
ments.
For every task of the scenario mining process, a service needs to be defined. To rapidly

create service prototypes and thus to realize or extend the SMP, the primary program-
ming language that is used is Python. Moreover, Python provides a rich environment of
libraries for data mining tasks. Since both RabbitMQ and Apache Kafka are supported as
MOM, client libraries for communication are needed. In this work, pika2 for the RabbitMQ
client and confluent-kafka3 are employed for that purpose. But, to hide the communication
aspect from the service developer, reduce boilerplate code and thus to focus on the task
implementation, the libraries internals are encapsulated. Figure 6.7 shows the classes that
are used to realize a service using either Apache Kafka or RabbitMQ, while only relevant
methods are illustrated.
The ServiceMixin defines the interface for a basic service, while the KafkaService and

RabbitMQServer implement the interface for the actual MOM. A service developer can
wrap the scenario mining task as a service by implementing the process()method. This
method is called on message arrival of the MOM. Other details of the service such as the
topic/exchange or queue name are defined via command-line arguments. This design was
chosen to ensure that services can be used in different use cases.
A KafkaService or RabbitMQService only subscribes to the messages of the topic(s) or

exchange(s) and does not publish anymessages. This allows to realize services that do not
add any additional information, such as services to persistently store the results. If a ser-
vice should distribute results to other services, the *Producer services are utilized. Both
services implement the send()method, which produces the messages given as argument
w.r.t the MOM. As for the *Service classes, other communication aspects are hidden. For
the RabbitMQ services, the RabbitMQMixin class defines the process to setup and man-

2https://github.com/pika/pika
3https://github.com/confluentinc/confluent-kafka-python
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Figure 6.7: An excerpt of the class definitions to realize a service as subscriber and
publisher using RabbitMQ as the MOM for message exchange.

age a communication channel with RabbitMQ based on pika. Moreover, the default con-
figuration for exchanges and queues are defined in the RabbitMQMixin class and can be
overwritten by the service developer and on deployment.
After implementing the task with any of the four Service classes, the service needs

to be registered at the central service registry. This is done by creating an image of the
service using a Dockerfile and then uploading it to the registry. Harbor is an open-source
registry and used as the central service repository, and GitLab is used for version control
and to automate the image creation step with the internal continuous integration and
deployment (CI/CD) pipeline. The last step in the scenario definition phase is to define
a docker-compose file that contains the default configuration for service deployment. It
serves as a template that is customized for SMP deployment.
To simplify service development and deployment and thus reducing the time from pro-

totypical service implementation to production, template projects in GitLab are utilized.
The templates come with predefined configurations and settings for various tasks such as
code formatting, Python application packaging with semantic versioning, Docker image
creation, and standard CI/CD pipelines, enabling automated testing and image creation.
Moreover, a default docker-compose file is available for service configuration which can
be customized by the service developer. The purpose of providing a project template with
these default configurations is that the service developer can focus on the task imple-
mentation and does not have to deal with those processes, which can be challenging and
time-consuming, as indicated by Reis et. al. [122].

SMP configuration and deployment The scenario mining process has been defined
based on a scenario definition, which is then decomposed into individual tasks. Each task
is semi-automatically wrapped in a containerized service, with each service providing a
default configuration as a docker-compose file.
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The next step in the overall process is to configure and deploy the SMP and thus real-
ize the scenario mining process using the docker-compose files of the services. Figure 6.8
illustrates both phases using the representation of the SMP from Figure 6.3. The scenario
description and the scenario mining process derived from it serve as the basis for config-
uring the SMP. For that purpose, a docker-compose file is created that contains the defini-
tions of the required services, i. e., the services are selected that are required to realize the
scenario mining process. To enable service collaboration, it must be specified how they
communicate with each other via the topics. That is, for every service the topic it sub-
scribes to and, optionally the topic(s) to publish messages to must be specified. Although
every service subscribes to a default topic, this can be customized by overwriting the de-
fault values in the docker-compose file. Additionally, to specify how traffic data flows into
the SMP, the data input connectors must be configured according to the use case. Finally,
to save service results along the scenario mining process, the output connector(s) must
be specified. They typically subscribe to topics, process the results and persistently save
them.
Note that docker-compose is employed to deploy the SMP instance either on a singlema-

chine or as a distributed system across multiple machines. For container orchestration,
however, Kubernetes is used. Therefore, during SMP deployment phase, it is necessary
to convert the docker-compose file to Kubernetes configuration files.4 For that purpose,
this work utilizes Kompose5, an open-source tool that translates docker-compose files into
Kubernetes resource configuration files. After conversion, the SMP can be deployed by
applying the converted configuration files. The last phase after SMP deployment is also
dependent on the specific use case, in which the extracted scenario are analyzed. This is
usually achieved by using components of Scenimini’s application layers, which are utiliz-
ing the TAP-API for data access and management.

6.3 Traffic Processing API

The Scenario mining pipeline (SMP) introduced in the last section is a distributed system
with a service-oriented architecture (SOA) that is utilized to find and extract scenarios
of interest from traffic data. The SMP is composed of several services, each wrapping a
particular task of the scenario mining process. Given a scenario description, that scenario
mining process must be defined and service developers must implement missing services.
The TAP-API offers standardized interfaces for service developers, but also for application
developer to access the data tier of Scenimini. For that purpose, the TAP-API is composed
of three components providing access to the data tier at three levels of abstraction and
for different use cases. An overview of the TAP-API is illustrated in Figure 6.9 following a
hierarchical model with arrows indicating information topics between the components.

4This step is necessary only if the SMP is to be deployed as a distributed system on a Kubernetes-managed
cluster. If the SMP is to run on a single host and no container orchestration is required, it can be run with
docker-compose.

5https://kompose.io/
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Figure 6.8: The process from a scenario description to a configured and deployed
scenario mining pipeline instance.

The first component ScenORM of TAP-API is introduced in Section 6.3.1 and enables ser-
vice developers to manage extracted scenarios and traffic data in a RDB via Python while
adhering to an object-oriented paradigm. To achieve this, an Object-relational Mapping
(ORM) is utilized to link Python objects with tables in the RDB, while also concealing Struc-
tured Query Language (SQL) intricacies from the developer.
The second component of TAP-API focuses on the efficient and high-performance pro-

cessing of traffic data in Python. It is a Traffic situation analysis and interpretation (TASI)
library designed for traffic data processing with adaptors to support various data sources.
It employs ScenORM to manage traffic data via ORM models and provides access to the
GeoServer for, e. g., visualization or analysis. Section 6.3.2 will introduce TASI, while focus-
ing on the data models used to internally represent trajectory traffic data and on applica-
tion domains in which TASI is employed.
The TAP-API’s third component traffic and scenario API (TraSceAPI) builds on top of the

previous two. It is an API adhering to the Representational State Transfer (REST) program-
ming paradigm developed by Fielding [123]. Its main purpose in a distributed system of
microservices is, among other things, to decouple components from each other while at
the same time providing access via standardized interfaces. [123] In Scenimini, TraSceAPI
decouples applications and services from the data tier. The SMP services and Scenimini
applications can use the API to access the data tier via Hypertext Transfer Protocol (HTTP)
or secured HTTP (HTTPS) requests. In the following, a brief overview of the three compo-
nents is given.
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Figure 6.9: The Traffic Processing API provides access to the data tier at three levels of
abstraction.

6.3.1 Scenario object-relational mapping

The first component of the TAP-API is the Scenario object-relational mapping (ScenORM)
that enables to persistently store scenario-related details extracted from traffic data by
the SMP in a relational database (RDB) while at the same time following a object-oriented
programming paradigm. To achieve this, an Object-relational Mapping (ORM) is typically
employed that abstracts the database access and facilitate code clarity, clean code and
extensibility.
In the last decades, ORMs have been extensively studied and used to combine object-

orientedprogrammingwithRDBs. Theprimary issue is the challenge ofmapping anobject-
oriented programming language view onto a relational database view, commonly referred
to as the impedance mismatch. For additional information on this problem and an overview
of potential solutions, please refer to the survey conducted by Torres et. al. [124]
This work employs SQLAlchemy6 to design ScenORM in Python. Since the SMP can be

utilized to mine arbitrary scenarios in traffic data, ScenORM should support representing
different variants of scenarios. To achieve this, inheritance is employed in Python which
also enables sharing common attributes across scenarios. However, RDBs usually do not
support this feature. Instead, ORM tools typically use three patterns for inheritance map-
ping [124][125].

6https://www.sqlalchemy.org/
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The inheritance graph illustrated in Figure 6.10 (𝑎) is exemplarily realized in Figure 6.10
(𝑏 − 𝑑) using the three patterns. Figure 6.10 (𝑏) shows the Single Table Inheritance pattern
where all attributes of the classes A,B,C are combined in a single table with an additional
column to denote the actual class. The second inheritance pattern Class table is shown in
Figure 6.10 (𝑐) where every class is mapped onto one table. The inheritance hierarchy
is represented via associations between the parent and child classes. Due to this, every
table contains only the class attributes. The third inheritance pattern Concrete table in
Figure 6.10 (𝑑) is a combination of the previous two patterns. Every class is mapped onto
one table as in the Class tablepattern, but contains all attributes along the inheritance path.
Choosing the mapping strategy to represent inheritance is crucial since it “affects behavior,
performance, and design limitations” [124].

Figure 6.10: The three patterns (b - d) typically used for inheritance mapping by an ORM
for the example illustrated in a). [124] b) Represent all attributes in a single class c)Map
each class to one table and add associations to the parent class. d)Map each class to one
table with every table containing all attributes of the inheritance path.

For the excerpt of ScenORM illustrated in Figure 6.11, a strategy is chosen with a vari-
ant of the Concrete table where the superclasses are abstract, but all scenario variants and
other entities are mapped onto one table. The advantages of this approach are that class
instances can be retrieved from the RDBwithout joining along the inheritance path, which
is required by the Class table pattern. Additionally, attributes can be shared across sce-
narios through the use of the abstract superclasses. ScenORM can also be easily extended
with additional scenario definitions without altering the table structure, as would be nec-
essary with the Single table pattern. This is a crucial feature since it allows for dynamic
extension of the scenario definitions of the SMP and their representation in the RDB.
Figure 6.11 illustrates an excerpt of the ScenORM architecture to represent crossing sce-

narios, whichwere extracted in Chapter 5. Themain entities that are represented as tables
in the RDB are the Scene, Pose, RoadUser, EgoParticipant, ChallengerParticipant and
the CrossingScenario. The Scene is used as an anchor to describe the environment for
a particular point in time. The Pose is a subset of the scene and describes the state of a
traffic participant for a specific scene. The RoadUser describes a traffic participant over
the full course of the lifetimewithout the trajectory. A RoadUser can participate in various
scenarios as either the ego or challenger participant. Extracted crossing scenarios are rep-
resented by the CrossingScenario. Note that all other classes in Figure 6.11 are abstract
classes, typically indicated by the Mixin postfix in Python. Those Mixins are used to share
common attributes across multiples tables on the RDB side and operations on the Python
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Figure 6.11: An excerpt of the ORM for the scenario-driven database architecture using
the crossing scenario for illustration purpose.

side. [126] For instance, the ScenarioMixin contains general scenario definitions, which
are inherited by the CrossingScenario or any other scenario variant. The ScenarioMixin
is thus the abstract superclass and is not mapped onto a table. The same applies to the
Participant which shared attributes are defined in the ParticipantMixin. The class is
specialized by the child classes EgoParticipantMixin and ChallengerParticipantMixin
to represent the ego and challenger participant. Note that both classes are also abstract
classes and are thus not mapped onto a table. Since every scenario variant is mapped onto
one table, there is also a class representing the ego and challenger participant in Figure 6.11
for that particular scenario (CrossingScenarioEgoParticipant, CrossingScenarioChal-
lengerParticipant). Adding a new scenario to ScenORM is straightforward and only re-
quires to create new classes for the scenario and both the ego and challenger participants
using the mixins.
In SQLAlchemy all classes that should bemapped onto one table in the RDB inherit from

the Base class. This is exemplified in Figure 6.11 using the Oracle database management
system (DBMS). Since the SMP uses ScenORM to access the RDB and should be used in dif-
ferent use cases, e.g. to process live data or campaigns, a custom base class was created. It
allows to specify a namespace all tables belong to, which is realized by dynamically adding
the namespace to every table name. This is illustrated in Figure 6.12 showing the tables
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in the RDB the classes of ScenORM are mapped onto and the associations between them.
Since ScenORM is the default namespace, every table has this prefix. This strategy not only
ensures that data from different use cases are physically separated in the RDB. It also al-
lows reflecting versioning of ScenORM in the RDB by adding version information to the
namespace.
Thus far, it was illustrated how to represent class inheritance of ScenORM’s python side

on the RDB side. Instead of sharing attributes between classes, this approach is also used
to easily establish associations between entities. In fact, all mixins in Figure 6.11 with the
term Ref are used to create associations between entities that are shown in Figure 6.12.
For instance, the CrossingScenario entity allows to navigate to the CrossingScenar-
ioEgoParticipant instance via the ego_participant property. This is realized by the
EgoParticipantRefMixin that defines a relationship in ScenORM from a scenario variant
to a class that inherits from the EgoParticipantMixin.

Figure 6.12: The table instances created based on the ScenORM architecture for the
crossing scenario.

6.3.2 Traffic situation analysis and interpretation library

The presented ScenORM in the last section is the first component of the SMP and allows
to manage scenarios in a RDB. The scenario mining process realized by the SMP typically
includes processing and analyzing the trajectories of traffic participants or environmental
effects. For this purpose, the SMP’s second component is the Open-Source library TASI,
which provides high-performance data structures and data analysis tools to manage and
process traffic data in Python. [127] In the following, an overview is given of the data
models used in TASI for trajectory data representation, which serve as the foundation for
traffic analysis tools and briefly highlight some application domains.
In TASI, a road user’s trajectory is a series of state measurements. Each state contains

several attributes, but at least the road user’s location in UTM and dimension in longitu-
dinal and lateral direction (in local vehicle coordinate space). This enables the support of
measurements from various sources that typically do not have a common reference posi-
tion. For example, position measurements from a vehicle’s self-localization system may
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be located somewhere within the vehicle and depend on the system’s location and/or the
antenna. The same is true for traffic infrastructure measurements, where cameras may
locate traffic participants and the reference position may even change in the local vehicle
coordinate space. The post-processing of the position measurements to a common refer-
ence position automatically take place by TASI. That is, these base attributes are utilized to
estimate the road user’s dimension, velocity (in UTM), speed, acceleration (in UTM), and
heading in SI units, if they aremissing. In addition, various reference positions of the road
user are provided for analysis purposes, as illustrated in Figure 6.13 with the gray trian-
gle denoting the road user’s heading. The exterior of the road user for a two-dimensional
representation is defined by either the four or eight corner points for a three-dimensional
representation using the road user’s height. The location attribute is the initial reference
position, while origin is the position used for all calculations that involve position infor-
mation. By default, origin represents the front center position of the road user, which
can be customized to the specific needs.
Thus far, it was shown how traffic participants are represented within TASI given amin-

imum set of measurements. We will now follow with the data structures that are used in
TASI to represent trajectory-based traffic data. The data models of TASI are based on the
structures defined in the two widely used Python libraries pandas7 and GeoPandas8, while
the representation format is used with respect to the use case at hand. Hence, this work
follows a different approach than the trajdata framework [128], which main purpose is
to provide access to existing trajectory datasets using a custom internal representation
format that can be converted to a PyTorch [129] Dataset for further processing. pandas is
chosen as the base for TASI, since it is widely used and thus provides interfaces to various
other libraries such as PyTorch and Matplotlib [130] and supports various data formats
such as comma-separated values (CSV) and Apache Parquet [131]. Before going deeper

Figure 6.13: The two-dimensional representation of a traffic participant’s pose with all
estimated positions.

7http://pandas.pydata.org/
8https://geopandas.org/en/stable/
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into the TASI data models, it will be briefly described how data is managed in pandas and
GeoPandas and follow-up on how TASI is connected to the libraries.

Pandas data structures The python library pandas [132] is the de facto standard in
Python to work with tabular-formatted structured (or relational) data. To represent data
in the tabular-styled format, pandas uses two primary models to hold information, the
Series and DataFrame (see Figure 6.14). The DataFrame is a two-dimensional structure,
which is composed ofmultiple Series. Every Series represents a columnof the DataFrame
and contains homogeneous-typed information. By stacking Series, heterogeneous data
can be represented in the DataFrame.

Figure 6.14: The pandas data structures to represent data in a tabular-styled format.

A structured data set usually contains data whose values are given a specific label. In
pandas, the Index structure contains those labels. They also allow accessing specific in-
formation of the DataFrame. As illustrated in Figure 6.14 the Index structure describes the
content for a particular row and column, while the DataFrame’s property index refers to
the Index that labels row-wise and the property columns to the Index that labels column-
wise. The Index also allows to hierarchically index columns and rows, e. g., to represent
values with a tuple of labels.

GeoPandas data structures The second library TASI uses for trajectory data represen-
tation is GeoPandas [113], which itself is also based on pandas and extends its capabilities to
support geographic data management in Python. For that purpose, it supports geometric
objects of Shapely9. Thus, it allows the analysis and manipulation of such geometric ob-
jects in an efficient way since Shapely employs thewidely used GEOS library [133]. The two
primary structures GeoSeries and GeoDataFrame in GeoPandas are specializations of the
Series and DataFrame of pandas (see Figure 6.15). The GeoSeries hold geometric objects

9https://shapely.readthedocs.io/en/latest/
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which are typically Shapely geometries and it provides access to geometric operations.
The GeoDataFrame is used to represent a collection of GeoSeries and Series. Spatial op-
erations are, however, only applied to a specific GeoSeries of the GeoDataFrame, which
is accessible via the geometry attribute indicated in Figure 6.15 as the geometry column.
The other columns allow to add additional information related to the geometric objects
or even other geometric objects.

Figure 6.15: The GeoPandas data structures to manage geometric data in a tabular
format based on pandas.

TASI data structures Based on the data structures of pandas, TASI defines three pri-
mary data models for trajectory data representation as illustrated in Figure 6.16. The first
entity in TASI is the Pose which, analogous to the Pose in ScenORM, is the traffic partici-
pant’s representation at a specific time. This analogy is by design, as it is used to couple
TASI with ScenORM and thus manage trajectory data in an RDB via an ORM.
The second entity Trajectory is a composition of Poses. That is, a collection of at least

two Poses of the same traffic participant is a Trajectory. It enables the representation of
the course of traffic participant’s trajectory over time. If a collection contains at least two
Trajectory entities, it is a Dataset. This is the third entity that also provides methods
for data import from files or databases, as well as export into various formats such as CSV,
Parquet, or even OpenSCENARIO.
The PoseCollection illustrated in Figure 6.16 is a utility base class to, e. g. adapt the

default indexing behavior of pandas and define common operations for both the Dataset
and Trajectory. Moreover, it is a fallback representation if a collection contains, for in-
stance, two Poses of two different traffic participants. Note that all three models inherit
from the DataFrame.
The major advantages of this approach are that all the operations provided by pandas

are available and can be extended by functions specific to the traffic domain, e. g., trajec-
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Figure 6.16: The TASI data models to manage trajectory data from traffic participants
using pandas and GeoPandas.

tory smoothing, scenario traffic data export or estimation of SurrogateMeasures of Safety
(SMoS). For example, in Chapter 5, the extraction of crossing scenarios requires to estimate
the PET between traffic participants. A service developer can easily achieve this since the
method is available at the Trajectory class. It allows the estimation of the PET between a
trajectory and other trajectories.
In GeoPandas, the DataFrame and Series are specialized for the purpose of representing

geometric objects. To represent trajectory data as illustrated in Figure 6.16, however, a
slightly different approach is followed than in GeoPandas. Since all three models inherit
from a DataFrame, the Index is utilized to differentiate between the models.
The tabular representation of the TASI models based on pandas is illustrated in Fig-

ure 6.17. The Dataset represents the overall collection. For the row Index, a hierarchical
index is used which is composed of the traffic participant’s id and a timestamp. Hence, a
row of the Dataset represents the state of a traffic participant for a specific time, i. e., the
traffic participant’s Pose. This is exemplarily indicated in Figure 6.17 with the row (𝑡2, 0)
where the traffic participant’s pose with the id 0 at the time 𝑡2 is selected.
If multiple rows of the Dataset are selected that cover a time interval but have the same

id, the Trajectory of that traffic participant for that time interval is selected. This is, for
instance, the case for the rows with an index of (𝑡0, 0), (𝑡1, 0), (𝑡2, 0). Since the rows have
the same id but different timestamps, they are represented as a Trajectory.
A hierarchical index is also utilized for the column Index, since the columns of the

Dataset contain the Pose’s attributes. This is due to the fact that attributes can benested
and the proper way to represent them in a tabular format is to place them on different lev-
els of the Index. For instance, the dimension of a traffic participant can be specified by its
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Figure 6.17: The TASI primary data models to represent trajectory data based on pandas
using a hierarchical index for model differentiation and pose attributes.

width, height and length. The first level of the Index would be the dimension and the
second level would contain the width, height and length.
For every of the three data models presented thus far, there is a specialization in TASI

to represent the position information of the trajectory data as geometric objects. For that
purpose, three models are defined that are all based on the GeoDataFrame of GeoPandas.
The GeoPose contains the information of the Pose, but represents the position as a geomet-
ric object. Analogous to the Trajectory, an ObjectTrajectory is a collection of multiple
GeoPoses and a GeoDataset is a collection of multiple GeoTrajectories.
The tabular representation of the TASImodels based on GeoPandas are illustrated in Fig-

ure 6.18. The overall collection is a GeoDataset, and analogous to the Dataset, the Index
is composed of the timestamp and the traffic participant’s id. The geometry column spec-
ifies the traffic participant’s position as geometric object. All other columns are attributes
describing the traffic participant’s pose. The differentiation between the three data mod-
els takes places analogously to the pandas-based models with respect to the Index.
The TASI models that are based on pandas can be converted to their counterparts that

are based on GeoPandas. That is, there is a one-to-one mapping from the pandas-based
models to the GeoPandas-based models. This is also indicated in Figure 6.16 with the as_-
geopandas navigation attribute.
Other than the pandas-based models, the GeoPandas-based models are typically used

for visualization purposes or when geometric operations need to be applied. An example
use case is the analysis of traffic participants in a specific region of interest, e. g., an on-
ramp section of a motorway or a specific intersection of a road network. For that purpose,
only the poses within the region of interest should be selected. If the region is available
in OpenDRIVE, and therefore as a GeoDataFrame via [114], the GeoPoses that are within
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that region can be efficiently identified using GeoPandas’ functions. In some cases, time
information may be unnecessary and geometric operations should be applied on the tra-
jectory level. For this purpose, the Trajectory can also be converted to a GeoDataFrame by
aggregating all poses and thus representing it with a single geometric object. That is, tra-
jectories are converted to a representation as LineString that allows to apply geospatial
operations.

Figure 6.18: The TASI data models based on GeoPandas to represent trajectory data with
selected position information as geometric objects.

Application domains The TASI data structures enables to represent trajectory data of
traffic participants based on the concepts of datasets, trajectories and poses using either
pandas or GeoPandas. Moreover, this representation also enables to process trajectory
data. Based on the introduced data structures, TASI provides a tool set of methods for that
purpose. We will now focus on some tools provided byTASI and where it is used within
Scenimini, while highlighting specific use cases.
One of the modules provided by TASI contains methods for the estimation of SMoS

through standardized implementations. These methods are particularly relevant for sit-
uation analysis in terms of traffic safety [134][66]. For instance, the data structures allow
to easily estimate the PET or TTC between traffic participants which are provided by dedi-
cated services of the SMP. For instance, the PETwas used in Chapter 5 for filtering crossing
scenarios according to a maximum PET or in a study of Da Silva et al. [135] for the same
purpose, but with focus on the interaction between bicyclists and motorized traffic.
Scenario descriptions usually specify the road environment and traffic data is typically

filtered by the driving direction of traffic participants. Due to that, TASI contains a mod-
ule that enables to associate traffic participants with roads. In fact, the module provides
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(c) GeoBasis-DE/LGB, dl-de/by-2-0

EastWest

NorthSouth

NorthWest

SouthEast

SouthNorth

SouthNorth-Bus

SouthWest

WestEast

WestNorth

WestSouth

Figure 6.19: An example application of TASI for route estimation without a digital
representation of the road network. The reference line for each routing direction is
estimated based on trajectories from a subset of the overall data set.

several methods for this task. These range from approaches based on map matching as
shown in Section 3.4, using DAGMaR and a digital representation of the road network, to
methods that use hand-crafted polygons and that allow for traffic filtering without a dig-
ital representation of the road network.
Figure 6.19 presents an example of route estimation using map matching, without a

high-definition digital representation of the road network. This was demonstrated in a
measurement campaign during the VRIEDRICH10 project. The project aims to derive and
discuss measures to improve road safety in the rural areas based on practical findings of
local traffic conditions. To achieve this, it is necessary to identify the typical driving routes
of all traffic participants. Due to the unavailability of a high-definition digital representa-
tion of the road network, a subset of the overall dataset of trajectories was utilized to esti-
mate the reference trajectories for each primary driving route and other relevant routes
(such as the path of buses via the bus stop) at the intersection. The reference trajectories
serve as the digital representation of the road network, enabling the utilization of themap
matching based approach as shown in Section 3.4.
Figure 6.20 illustrates another example for route estimation for route-based traffic fil-

tering using hand-crafted polygons. The approach is inspired by using physical inductive
loops for vehicle detection on intersections [136], with the polygons serving as virtual
loops. This is a typical approach to filter a dataset by driving direction [137], for traf-
fic density estimation [138][139], or for triggering specific events [140]. The left panel of
Figure 6.20 shows the trajectories of the dataset acquired by the DLR AIM Research Inter-
section. The aim in this example is to identify only the traffic participants entering the

10https://verkehrsforschung.dlr.de/de/projekte/vriedrich-verkehrsbeobachtung-und-analyse-
im-laendlichen-raum-im-kontext-der
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Figure 6.20: An example application of TASI for route estimation based on hand-crafted
polygons serving as virtual loops for road user selection. Left: The road user trajectories
of the dataset. Right: The virtual loops for selection and the trajectories of the selected
road users.

intersection from east. This can be accomplished with the virtual loops illustrated in the
right panel of Figure 6.20, which are hand-drawn via bokeh11 and can be exported as Geo-
JSON files. Since GeoPandas support the file format, the trajectories intersecting with the
virtual loops can be easily found using the TASI GeoDataset. The trajectories of the road
users after filtering are also illustrated in Figure 6.20, showing only those trajectories that
geometrically intersect with the virtual loops.
Trajectories of traffic participants can come in different formats as this typically de-

pends on the system that is used to obtain them. However, since trajectories are multi-
variate time-series, they can be represented with the TASI data structures. This makes it
possible to use standardized implementation in TASI for different datasets and use cases.
A module of TASI is dedicated to this and provides tools for data exchange particularly of
trajectory data, which are used in the input and output connectors of the SMP.
One use case is the management of on-board sensor data, together with additional sen-

sors, for system analysis as part of the FASva project12. During the project, the VuT (as
illustrated in Figure 6.21) was used to collect measurement data using the Automotive
Data and Time-triggered Framework (ADTF)13. ADTF allows to serialize sensor data into,
so-called, DAT files and provides tools for file management. The VuT state estimates are
exported to CSV formatted files through the ADTF C++ API. An interface in TASI loads these
CSVfiles that contain various information such as the position in GPS and speed using pan-
das and converts them to a TASI trajectory. This enables the use of, for instance, the route
estimation method presented in Section 3.4 with trajectories acquired from the AIM Re-
search Intersection or the Testbed Lower Saxony, even though it was initially proposed in
[89] using trajectories of the VuT from Figure 6.21.

11https://bokeh.org/
12https://www.hs-emden-leer.de/studierende/fachbereiche/technik/projekte/fasva
13AutomotiveDataandTime-TriggeredFramework
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Figure 6.21: The measurement vehicle used within the FASva project with the
measurement system located in the trunk of the vehicle (right panel). © Hochschule
Emden/Leer

Another use case involves the qualitative analysis of a test bed’s performance such as the
Testbed Lower Saxony14 using a vehicle equipped with a high-precision self-localization
system. The reference vehicle’s measurements serve as the ground truth and allow for the
estimation of the test bed’s performance. However, to achieve this, the trajectories pro-
vided by both systems need to be homogenized by converting both information sources
to a TASI-compatible format. In this use case, the reference vehicle illustrated in the left
panel of Figure 6.22 uses a system that is based on the Robot Operating System (ROS) and
equipped with, among other things, a GNSS-based inertial navigation system (see right
panel of Figure 6.22). The information collected by sensors in ROS is published asmessages
in ROS topics. Similar to ADTF, they can be stored persistently for offline processing, but
in this case, as bag files. TASI provides an interface based on the rosbag15 library to con-
vert the bag files. Every state estimate including position information in GPS and speed is
converted into a TASI Pose, while the vehicle dimension need to be specified on import.
A bag file typically contains multiple state estimates, which are aggregated into a TASI
Trajectory. This enables the development of standardized tools for this use case, such as
trajectory interpolation and comparison, which can be reused in other environments.
The last application domain worth noting, since it of high interest in the academic and

industrial domain, is the simulation-based testing of automated driving function (ADF).
Traffic data from the real world provide scenarios that can be used in simulation for in-
depth analysis of the scenario participants. The OpenSCENARIO standard by the Associ-
ation for Standardization of Automation and Measuring Systems (ASAM) defines an ex-
change format for the dynamic world context of such scenarios and thus enables to rep-
resent the scenarios extracted from the real world in the simulated world. TASI provides
an interface on the Dataset level that is based on scenariogeneration library16 and enables
to represent the trajectories in an OpenSCENARIO file, replicating the traffic participants

14https://verkehrsforschung.dlr.de/en/projects/test-bed-lower-saxony-automated-and-
connected-mobility

15http://wiki.ros.org/rosbag
16https://github.com/pyoscx/scenariogeneration
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Figure 6.22: The FASCar of the DLR (left panel) as a reference vehicle for qualitative
analysis of test beds using TASI, with the measurement system located in the trunk of the
FASCar (right panel). © DLR

behavior in simulation. Figure 6.23 shows an example situation with traffic participants
of the DLR AIM Research Intersection. The trajectories are clipped using the OpenDRIVE
digital map to the inner-intersection area for demonstration purpose only. The left panel
illustrates the situation visualized using TASI. The scenario is converted to the OpenSCE-
NARIO format and replayed in ESMini as shown in the right panel of Figure 6.23.

Figure 6.23: TASI allows the replication of real-world scenarios in simulation. Left: A
real-world scenario visualized with TASI. Right: The scenario replayed in ESMini by
converting the TASI dataset into the OpenSCENARIO format.

6.3.3 Traffic and Scenario API

The traffic and scenario API (TraSceAPI) is the third component of the TAP-API and builds
upon the previous two components. It main purpose is to provide SMP services and appli-
cations access to traffic data and the extracted scenario via standardized interfaces.
The RESTful API is also designed as a service running in the Kubernetes Cluster. This

allows to scale the RESTful API, and because it is orchestrated by Kubernetes, ensure that
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instances are kept up online in case of temporary failures. The API is implemented in
Python using the Sanic API17 library. This choice was made because it provides an API
description in the OpenAPI specification format18, a simply interface to create websocket
servers for video streaming of traffic infrastructure cameras and allows easy deployment.

6.4 Applications and discussion

The Scenimini platform is used in several projects and environment for scenario extrac-
tion and analysis. In the following, an overview of different use cases and specific compo-
nents of Scenimini is given.

6.4.1 AIM Research Intersection

The DLR Research Intersection is part of the Test field AIM and enables to study traffic be-
havior on a complex urban intersection in Braunschweig, Germany. [42] To achieve this,
the intersection is equipped with 14 stereo-camera systems, among others, providing a
three-dimensional representation of traffic participants and their trajectories. The Re-
search intersection is used in several projects as illustrated byKnacke-Langhorst [141]with
Scenimini enabling researchers to focus on the scenario-driven data analysis by providing
the necessary tools. In the following, a brief overview of the applications of Scenimini or
some of its components using traffic data of the DLR Research Intersection is given.
The Institute of Transportation Systems at DLR participated in the Validation and Ver-

ification Methods (VVM)19 research project to provide and analyze scenarios collected at
the Research Intersection, among others. In a first study [114], Scenimini was used to as-
sociate traffic participants to typical routes to study the behavior of traffic participant
crossing the intersection, while focusing on scenarios with traffic participants perform-
ing a u-turnmaneuver. The analysis considers only those parts of the trajectories of traffic
participants that are within the intersection. Additionally, trajectories are projected onto
the Frenét coordinate system (see Section 2.1.2), which is defined by the u-turn lane, as
shown in the bottom panels of Figure 6.24. This division allows for a geometric analysis
of the trajectory, enabling the examination of the behavior of traffic participants when
entering, crossing and leaving the intersection.
Figure 6.24 shows results of this study. The top row displays the distribution of themean

and maximum positional deviation in each of the three phases. The highest variance of
maximum positional deviation is observed in the cross phase, as traffic participants tend
to drive far into the intersection before performing the u-turn maneuver. An example
of a traffic participant following this driving behavior is shown in the bottom left panel.
Another traffic participant that tends to behaves differently than others is illustrated in
the bottom right panel. Specifically, the truck enters the intersection using the straight-
ahead lane instead of using the left-turn lane.

17https://sanic.dev/
18https://github.com/OAI/OpenAPI-Specification
19https://www.vvm-projekt.de/
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Figure 6.24: Results of the analysis of driving behavior in u-turn scenario by
decomposing the maneuver into three phases (enter, cross, leave). Top: The distribution
of the mean and maximum position deviation between the traffic participants trajectory
and the lane’s digital representation for the three phases. Bottom: The trajectories of the
two traffic participants highlighted in the top panel. Left: The road user moves far into
the intersection before performing the maneuver. Right: A truck enters the intersection
on the straight-ahead lane to perform a u-turn maneuver. [114]

A follow-up work [142] during the VVM project aimed at extending Scenimini to con-
tinuously identify and extract crossing scenarios. In fact, the work is the foundation for
the verification of crossing scenario hypotheses shown in Section 5.5.2. For that purpose,
an instance of the SMP was deployed in a Tanzu Kubernetes cluster for continuous live
processing with a RabbitMQ instance for inter-service communication.
The SMP services are deployed in specific groups to, for instance, target a specific use-

case. The Figure 6.25 shows the data flow of the SMP core between the services via the
RabbitMQ exchanges, which is extracted from its configuration file. Note that {NS} is a
namespace placeholder for illustration purpose only. The primary purpose of the SMP
core is to fetch traffic data from the database, validate the data and associate traffic par-
ticipants with the routes of the intersection. In fact, the route-backtracer service is the
implementation of the route estimation approach presented in Section 3.4. The Figure 6.25
also shows the ability to create branches, which was the motivation for using the fanout
exchange variant by default. The results of the route-backtracer service are persistently
stored by the *-database-writer, and distributed by the *-scenario-distributor ser-
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vice according to the path the traffic participants are associated to. Note that the distribu-
tion is indicated in Figure 6.25 with the three exchanges named with {NS}.route.path.*,
while the * is a placeholder for the route name.

Figure 6.25: The data flow of the SMP core group between the services through the
RabbitMQ exchanges visualized as acyclic directed graph.

The extension of the SMP to other use-cases based on the core group is straightforward.
For the use-case of crossing scenario mining, a group of services is defined that uses the
results of the core group. The aim of this group is to find traffic participants that are in-
volved in a crossing scenario. To achieve this, traffic participants need to be matched that
are associated to the two roads that define a crossing hypothesis that were identified Sec-
tion 5.5.2. Figure 6.26 shows the data flow of the SMP crossing group from top to bottom.
Note that {RP} is a placeholder for route.path and {CS} for crossing.scenario for illus-
tration purpose. The crossing group consists of three service types. The matcher service
finds matching traffic participants that are associated to the roads that define a crossing
scenario hypothesis and publishes the results into an exchange dedicated to the crossing
scenario. All matcher-* service variants illustrated in Figure 6.26 are based on the same
Docker image. They only differ in how they are configured on deployment. The second
service type is pet-estimation and it filters crossing scenario hypotheses using the SMoS
PET. The results are persistently stored by the pet-database-saver service into the sce-
nario database using ScenORM.
As already noted previously, docker-compose is used for configuration and deployment.

In fact, the docker-compose configuration file for the SMP crossing group is created using
Jinja templates20. This allows to automatically generate the service configuration for ev-
ery matcher service. That is, the Knowledge base is queried for the potential hypotheses
and for every hypothesis, the service configuration is automatically generated with the
corresponding source and destination exchange as defined in Section 5.5.2. This allows
to easily adapt the SMP crossing group for scenario mining on other intersections with a
digital representation in OpenDRIVE.
Figure 6.27 shows the RabbitMQ exchanges that are created by the services for commu-

nication after deployment. The first column contains the names of the exchanges and the
second the exchange variant. As indicated previously, the fanout variant is the default for
all exchanges. The last two columns denote the rate of incoming and outgoing messages.
The exchange naming schema follows a semantic that indicates the deployment location
of the SMP, its primary purpose (live processing), the measurement site (fokr for an in-
ternal abbreviation for the AIM Research Intersection) and the name of the job. The left

20https://jinja.palletsprojects.com/
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Figure 6.26: The data flow from top to bottom of the SMP crossing group between the
services through the RabbitMQ exchanges visualized as acyclic directed graph.

panel of Figure 6.27 shows all exchanges of the SMP core group. Note that there is an ex-
change for every route as indicated in Figure 6.25. The right panel of Figure 6.27 shows the
exchanges that are used by services for crossing scenario extraction. Every crossing sce-
nario exchange contains the traffic participants that are involved in the scenario, while
the traffic participants on the first route are considered as the ego participant. Since a
crossing scenario is considered valid in Section 5.5.2 if the PET is lower than four seconds,
the PET between traffic participants of all concrete scenarios are estimated and valid sce-
narios are published in the *.pet-filtered exchange.

Figure 6.27: The RabbitMQ exchanges for inter-service communication of the SMP. Left:
The exchanges of the SMP core focusing on the route association of traffic participants.
Right: The exchanges for the different crossing scenario and for PET based filtering.

The extracted concrete crossing scenarios are persistently stored for later analysis using
ScenORM. To achieve this, services consume from specific exchanges to save the results
into an Oracle database. The concrete database tables to store the results of the SMP core
group and the crossing scenario extraction group are illustrated in Figure 6.28. The table
names also contain the configuration information that are part of the RabbitMQ exchange
names. This enables to separate results from different instances of the SMP. It is worth
noting that the SMP instance for live processing can handle restarts and recovers from
temporary failures by storing the processing state in the database. An input connector
forwards traffic data from the database into RabbitMQ using batch processing with fixed
time intervals. For every interval, the database is queried for existing traffic participants
and each published to RabbitMQ. The *FETCHER_TRACKER_STATE table is used to save the
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processed batches and to identify thenext batch to process in case of a restart of temporary
failure.

Figure 6.28: A ScenORM database schema excerpt of the SMP instance for live processing.

Another work of Schicktanz et. al. [143] is driven by components of Scenimini that stud-
ies the effect of traffic congestions on traffic safety and efficiency. The study compares
the behavior of traffic participants with and without congestion using a data set with con-
gestion on the southern exit of the Research Intersection. To achieve this, traffic partic-
ipants are associated to routes of the intersection using the virtual loop-based approach
presented in Section 6.3.2 and the SMoS PET is employed as a measure of traffic safety in
crossing scenarios. The study reveals that the minimum PET between traffic participants
in a crossing scenario is decreased in congestions, potentially increasing risk of traffic ac-
cidents. Furthermore, a congestion on one exit of the intersection notably increases the
total mean traffic delay as shown in Figure 6.29. Additionally, the study shows that con-
gestion does not only impact the routes that are used to leave the intersection towards the
direction with congestion, but also other routes of the intersection.

Figure 6.29: Results of the analysis of congestion impact on traffic volume and delay by
Schicktanz et. al. [143]. Left: The total daily traffic volume at the intersection and the
volume of routes leaving towards the exit during congestion. Right: The traffic delay
experienced on each route with and without congestion.
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6.4.2 Traffic analysis in the rural domain

The last section illustrates use-cases on the AIM Research Intersection and demonstrates
the configuration and deployment of the SMP for the purpose of crossing scenario ex-
traction. The following section will present the usage and extension of Scenimini for the
VRIEDRICH project21. The project’s aim is the observation and analysis of rural traffic to
reduce the research gap in understanding rural traffic. To achieve this, two measurement
campaigns were conducted, each lasting two weeks, at two rural sites. After the measure-
ment campaigns, the data is processed using components of Scenimini.
Figure 6.30 shows two example Scenimini applications that are designed for the project.

The left panel shows aweb-based player for visualization of videomaterial. Upon selection
of the measurement day by the user, the application starts collecting the video material.
This is indicated by the green markers below the slider. The application supports fast
forward playback of the video materials at up to sixteen times faster than normal. The
playback state and playback speed can be changed by keyboard keys. The slider at the
bottomof the application enables to navigate to a specific point in time on the selected day.
For the visualization of video material, the application communicates with the TraSceAPI
of the TAP-API. Specifically, the application queries theAPI for themeasurement campaign
period. Furthermore, the application establishes a WebSocket connection to receive the
video material together with details of the traffic participants that are detected by the
system.

Figure 6.30: The web-based applications used in VRIEDRICH for situation and scenario
analysis. Left: Application for video streaming of a selected camera. Right: Application for
trajectory-based visualization of crossing scenarios. © DLR

The right panel of Figure 6.30 shows another application for scenario-based analysis.
The SMPwas customized for themeasurement campaigns to, among others, extract cross-
ing scenarios. The application visualizes the extracted crossing scenarios that are saved

21https://verkehrsforschung.dlr.de/de/projekte/vriedrich-verkehrsbeobachtung-und-analyse-
im-laendlichen-raum-im-kontext-der
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by the pet-database-saver service which is illustrated as the last service in Figure 6.26.
Analogous to the first application, this application communicates with the TraSceAPI to
query for the extracted crossing scenarios and for scenario-related details, such as the tra-
jectories of the traffic participants involved in the scenario. The applications was utilized
throughout the project, facilitating studies conducted based on the collected traffic data.
The study of [144] analyzed the behavior of traffic participants in crossing scenarios,

among others. The SMP was adapted and deployed to extract concrete crossing scenarios.
To achieve this, traffic participants are associated with the routes illustrated on a satellite
image of the measurement site in Figure 6.31 using the map matching approach MLCR de-
fined in (3.37), while assuming all roads are connecting roads. The routes were identified
from real-world data. Since the data showed that the most potential crossing interactions
occur on the west-north and north-west routes, those were extracted using the SMP. For
the realization of the scenariominingprocess, only the service implementing the MLCR task
needed to be implemented, while the other services of the SMP core and crossing group
could be reused. The middle panel of Figure 6.31 illustrates the distribution of crossing
points of the traffic participants involved in a scenario. The number of scenarios is color-
encoded from black to blue. Based on the extracted crossing scenarios, the study found
out, among others, that traffic participants on the prioritized road often actively prevent
critical situation by decelerating if a traffic participant from west merges. Two examples
are shown in the right panel of Figure 6.31 where the merging traffic participant ignores
the right-of-way of the traffic participant on the federal road. The latter needs to break to
prevent a collision as indicated by the rear brake lights.

(c) GeoBasis-DE/LGB, dl-de/by-2-0
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Figure 6.31: Left: The routes of the measurement site. Middle: The distribution of
crossing points on the measurement site for the north-west scenario. Right: Examples
of breaking traffic participants in crossing scenarios on the federal road. [144]

In another study [144], Scenimini was extended to extract overtaking scenarios in a
village entrance with rural character (see left panel of Figure 6.32). In that study, the
primitive-based approach discussed in Chapter 3 was employed to relate traffic partici-
pants on the federal road to each other using the longitudinal and lateral relations defined
in Table 3.1. The description of traffic in terms of the primitives allowed to identify and ex-
tract overtaking scenarios. The aim of that study is the analysis of the driving behavior in
overtaking scenarios, particularly in termsof the difference velocity during themaneuvers
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and the starting positions (see Figure 6.32) focusing on the interaction betweenmotorized
vehicles and bicycles, as it is a complex, critical but often occurring maneuver [145], [146].
The study indicates that, in most cases, vehicle overtaking cyclists comply with the mini-
mum safety distance. Furthermore, overtaking vehicles tend to have significantly higher
speeds than the overtaken vehicles. Most of these vehicles initiate the maneuver within
the town while heading out of town and exceed the maximum speed limit allowed in the
village.
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Figure 6.32: Traffic data acquisition at a village entrance. Left: The mobile measurement
station. Right: The cumulative distribution functions of the overtaking maneuver start
position relative to the town sign and the difference velocity during the overtaking
maneuvers. [144]

6.4.3 Test Bed Lower Saxony

The DLR Test Bed Lower Saxonymakes it possible to analyze the driving behavior of traffic
participants on a German highway. For this purpose, 71 masts, each equipped with two
stereo camera systems, are installed along 7.5 kilometers of the A39 between Cremlingen
and the Wolfsburg/Königslutter junction.
The SMP of Scenimini is extended and utilized in [147] to extract a variant of space-

sharing conflict scenarios that occur on highways: the on-ramp scenario. This scenario is
especially of interest and discussed in the academic domain for several years, since traffic
participants involved in that scenario need to cooperate the resolve the situation. More-
over, the road user on the acceleration lane needs to perform a lane change maneuver to
merge into themain traffic, which is a riskymaneuver and a typical source of traffic delays
[148].
The study [147] examines the driving behavior of the traffic participants as they merge

onto the main lane, including their use of the acceleration lane, the timing of their lane-
change maneuver, and the accepted gap times (refer to Section 2.4.2) for merging us-
ing traffic data collected near Cremlingen (see Figure 6.33). The study shows that the
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primitive-based approach for lane-change identification and extraction proposed in Chap-
ter 3 can be utilized to robustly extract on-ramp scenarioswithout reconfiguring theHMM
that is used to represent the trajectory in the domain of primitives.

Auszug aus den Geodaten des Landesamtes für Geoinformation und Landesvermessung Niedersachsen, (c) 2022

highway

on-ramp

start

Figure 6.33: The on-ramp section of the Test Bed Lower Saxony near Cremlingen with
the digital road representation. [114]

Figure 6.34 shows a Scenimini web-based application that displays the extracted scenar-
ios for the on-ramp section near Cremlingen and a second on-ramp region near Scheppau.
Every row of the table shows basic details of a scenario, such as the start and end time and
the on-ramp region. The Scenimini application uses the TraSceAPI of the presented TAP-
API in Section 6.3 to query the scenarios from the Scenario database that are extracted
using the SMP. This tools is used to access the video data of the cameras located in the
specific region and thus for video-based scenario analysis.

Figure 6.34: A web-based interface showing the extracted merging scenario on the Test
Bed Lower Saxony for different regions. © DLR

An example page for an on-ramp scenario is illustrated in Figure 6.35 with scenario de-
tails shown at the top of the page, while the remainder of the page shows the videos of the
cameras that are located in the scenario region. Every video is streamed by the TraSceAPI
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using theMotion JPEG codec since this format is natively supported bymanymodernweb-
browser.

Figure 6.35: Details of an extracted merging scenario on the Test Bed Lower Saxony
including videos of the cameras located in scenario region. © DLR

Scenimini enables the analysis of scenarios in Python by providing scenario informa-
tion through the TAP-API, particularly by ScenORM. This was utilized in the study men-
tioned above [147] to analyze driving behavior in on-ramp scenarios, despite the use of
video-based analysis. The work follows the approach by Qi et. al. [149] and specializes the
on-ramp scenario into four variants by taking into the account the position of the two
closest traffic participants on the adjacent main lane. This is based on the assumption
that the merge behavior of the vehicle in the acceleration lane would be influenced by
the occupancy level of the neighboring lane. Additionally, the study aims to investigate
the time gaps between traffic participant in the three different on-ramp scenarios. Fig-
ure 6.36 illustrates the four on-ramp scenario specializations free, in front, behind and into
by considering the longitudinal location of the ego participant relative to the challengers
on the main lane. In fact, the study follows the primitive-based approach for the repre-
sentation of traffic data using primitives and the identification of maneuvers presented
in Chapter 3. But, instead of maneuver classification, the approach is utilized for scenario
categorization. To achieve this, the trajectories of all trafficparticipants are represented in
the Frenét coordinate frame (see Section 2.1.2) defined by the lanemarking, and the scene
at the moment the ego participant crosses the left lane marking of the acceleration lane is
represented in the primitive domain. This domain is defined by the longitudinal positional
relationship from Table 3.1 between the ego participant and the traffic participants on the
adjacent lane as illustrated in the overtaking scenario example from Figure 3.3. Assuming
that traffic participants do not collide, the primitive Next to can be neglected and only
the other two primitives Behind and In front are employed to represent the scene in the
primitive domain. The work uses the PET to define the context, which allows to represent
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the scene in the primitive domain (see Section 3.2). For the categorization of the scenario,
a rule-based approach is employed based on the representation in the primitive domain.

Figure 6.36: On-ramp merging scenarios are specialized into four classes according to
the position of challengers (based on [114]).

That is, let 𝑠 ∈ S be an instance of an on-ramp scenario and S = {S∅∅,S
+,S−,S+−} be

the set of categorized on ramp scenarios as illustrated in Figure 6.36 withS∅∅ the free,S+ in
front, S− behind and S+− the into scenario. Additionally, the primitive domainD is defined
by the longitudinal positional relationshipD =

{Behind, In front} and let C = 𝑐1, 𝑐2, . . . be
the challengers on the main lane with 𝑐 ∈ C as the challenger’s trajectory. The challenger
trajectory contains the evolution of the front right and rear right position, while the ego
trajectory the front left and rear left position. Then, P𝑐 = {p1, p2, p3, p4} are the four
points where the trajectory of the challenger 𝑐 and the ego participant intersect. For each
of the intersection points 𝑝 ∈ P let 𝑡𝑒𝑔𝑜 (𝑝) and 𝑡𝑐 (𝑝) be the arrival time of the ego and
challenger participant such that the difference in arrival time Δ𝑡 (𝑝) at 𝑝 or the PET is
estimated according to (2.8) as

Δ𝑡 (𝑝) = 𝑡𝑒𝑔𝑜 (𝑝) − 𝑡𝑐 (𝑝) (6.1)

so that Δ𝑇𝑐 = {Δ𝑡1,Δ𝑡2,Δ𝑡3,Δ𝑡4} are the differences in time of arrival for the four inter-
section points. The definition of the PET from Section 2.4.3 is thus extended for this use
case with multiple intersection points of the candidate 𝑐 ∈ C and the ego participant as

PET(𝑐) = argmin
Δ𝑡 ∈𝑇𝑐

|Δ𝑡 | (6.2)

with |Δ𝑡 | the absolute timedifference. The context𝐾 =
{
PET(𝑐1), PET(𝑐2), . . . , PET

(
𝑐 | C |

)}
that is used to represent the scene in the primitive domain is thus defined as the PET to
all candidates. Furthermore, the transformation function 𝑡 (𝑘) that represents a scene in
the primitive domain with 𝑘 ∈ 𝐾 is defined as

𝑦 = 𝑡 (𝑘) =
{
Behind if 𝑘 > 0
In front if 𝑘 < 0

(6.3)

assuming no collision of traffic participants with 𝑦 as a component of the scene in the
primitive domain y =

[
𝑦1, 𝑦2, . . . , 𝑦 | C |

]𝑇 . Given the set of on ramp scenario variantsS and
the representation of themoment in time of the ego vehicle crossing the left lanemarking
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of the acceleration lane in the primitive domain y, 𝑓 : y → S represents the rule-based
function to categorize a scenario. It is defined as

𝑓 (𝑌 ) =


𝑠 ∈ S∅∅ if |y| = ∅
𝑠 ∈ S+ if ∀𝑦𝑖 ∈ y : 𝑦𝑖 = Behind

𝑠 ∈ S− if ∀𝑦𝑖 ∈ y : 𝑦𝑖 = In front

𝑠 ∈ S+− if ∀𝑑 ∈ D : ∃𝑑 ∈ 𝑦𝑖

(6.4)

such that a scenario 𝑠 is categorized as free if there are no challengers, as in front if
all challengers are Behind, behind if all challengers are In front and as into if there are
challengers that are In front and Behind of the ego vehicle.
The approach for scenario categorization is used in [114] to analyze the merging behav-

ior of traffic participants. The study uses 𝑁 = 144 on-ramp scenarios, and considered
traffic participants as challengers if the PET was lower than 10 seconds. Moreover, the
projection into the road reference line coordinate system (see Section 2.1.2) defined by
the lane marking is used to estimate the distance of each traffic participant to the start
marker shown in Figure 6.33.
Figure 6.37 shows the distribution of the absolute PET value for the different scenario

categories. The sumof the absolute PET value to the two closest traffic participants is illus-
trated for the into category, which is related to the SMoS accepted gap time. The results
indicate that in the in front scenario, traffic participants tend to merge into the main
lane with a smaller gap time compared to the behind scenario. Additionally, the accepted
gap time for the into scenario is uniformly distributed within [3, 15.1] seconds. The study
also found that traffic participants do not use the full extent of the acceleration lane. Most
of the merging maneuvers analyzed in the study (79.56%) start in the first half of the lane,
and 39.42% have already merged onto main lane in the first half of the acceleration lane.
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Figure 6.37: Distribution of the PET for all identified on-ramp scenarios of type behind
and in front and the accepted gap time for into. [147]
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6.5 Summary

This chapter presented as platform that connects the methods and methodologies pre-
sented throughout the previous chapters for scenario-based analysis of real-world traffic
data.
At first, the architecture of the platform is outlined, emphasizing the components of the

three layers and their interconnection. Then, the Scenario mining pipeline (SMP) is pre-
sented, which processes traffic data for scenario extraction. The scenario mining process,
that is followed in this work, is used to organize tasks and to guide in the configuration
and deployment of the SMP. Additionally, the SMP development lifecycle is presented,
that illustrates the scenario mining process as an iterative approach, while also highlight-
ing considerations for effective implementation of the tasks along the scenario mining
process as SMP services.
Furthermore, the chapter presents APIs that facilitate the access of platform compo-

nents to the data layer. The Scenario object-relational mapping (ScenORM) library is in-
troduced that provides a object- and scenario-oriented view on traffic data. In addition,
the Traffic situation analysis and interpretation (TASI) is presented, which is a Python-
based library for traffic data representation and performant traffic data analysis.
The chapter also illustrates the versatility of the platform in a variety of practical ap-

plications, demonstrating its adaptability to diverse applications domains and operational
contexts. The platform was employed in the VRIEDRICH project for the analysis of rural
traffic, in theVVMresearch project for the extraction and analysis of crossing scenarios on
the AIM Research Intersection, and for the analysis of on-ramp merging scenarios on the
Testbed Lower Saxony. The platform has become an important pillar of the DLR Institute
of Transportation Systems’ Department of Information Acquisition and Model Design. It
serves as the foundation for subsequent research projects and studies.

165





Chapter 7

Conclusion

In the following, the thesis is briefly summarized in Section 7.1. Thereafter, the results
of this work will be discussed in relation to the research question and objectives in Sec-
tion 7.2. Finally, an outlook on potential follow-up questions will be provided in Sec-
tion 7.3.

7.1 Summary

For the safety argumentation of automated driving functions traditional methods are lim-
ited in their applicability. This is primarily due to the complexity of the systems and the
environments inwhich they operate. The scenario-based testing approach aims to address
this, by breaking down this overall complexity into smaller manageable sub-problems.
This enables to assess the driving functions in these relevant scenarios to argue for the
systems safety. Scenarios derived from real-world data are particularly valuable for this
purpose. However, a challenge lies in extracting these scenarios from trafficdata collected,
for example, from vehicle fleets or stationary infrastructure, as these continuously gather
data that needs to be processed.
This thesis introduced a framework that enables the systematic extraction of scenarios

from real-world traffic data. This framework is modular and comprises various compo-
nents for the continuous identification, extraction, and analysis of scenarios. A hierar-
chical four-layer data model of scenes, primitives, maneuvers and scenario is utilized, and
the thesis presentedmethods to describe entities at different levels of thismodel and iden-
tify them in real-world traffic data. For this purpose, Chapter 3 presented an approach to
translate traffic data into a semantic level. This involves converting sensor data or en-
vironmental information that is typically described numerically into terms and concepts
from human language, which are termed primitives in this work. While primitives were
already used for semantic analysis of driving behavior [150][44], this work showed that
more complex concepts such as maneuvers can be robustly derived from it. The proposed
methodology was validated through two case studies with different use-cases, indicating
its adaptability to various real-world problems, as also demonstrated by different applica-
tion domains of the Scenimini platform in Section 6.4.
In Chapter 4, an alternative approach for maneuver identification is presented. This

method is based on a digital map of the road network in OpenDRIVE. The underlying as-
sumption is that intersections in road networks are designed to allow traffic participants
to adjust their travel directions, thus facilitating certain infrastructural maneuvers. In
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contrast to trajectory data of traffic participants, this method annotates the roads of the
digital map with corresponding maneuvers. The association of traffic participants with
the roads of the road network enables the identification of the respective maneuver. In
Chapter 5, a methodology for the systematic identification of specific scenarios in urban
areas is presented. In particular, it outlines a method for detecting space-sharing conflict
scenarios. The approach employs ontologies in order to automatically generate scenario
hypotheses based on expert knowledge and a digital representation of an intersection.
The efficacy of this approach is assessed using a publicly available digital map of Braun-
schweig, Germany, produced by the AIM DLR Research Intersection. The digital map is
used to derive hypotheses, which are then validated using real-world trajectory data. The
findings indicate that not all hypotheses are valid. Moreover, the results suggest that the
relative frequency of scenarios can be used as an indicator to identify cases where road
users exhibit atypical behavior. For example, red light running scenarios were identified
that can lead to potentially critical encounters.
For the continuous identification, extraction and analysis of scenarios from real-world

traffic data, the methods proposed thus far are integrated into a modular three tier plat-
form. The Scenario mining platform (Scenimini) is presented in Chapter 6. This chapter
introduces the scenario mining process, among other things. This process outlines the
steps to represent real-world traffic data as scenarios and serves as the foundation for
organizing SMPs. These pipelines are modular distributed applications consisting of ser-
vices, each encapsulating tasks along the process. Unlike the scenario mining process, the
development and deployment of these SMP for scenario identification, extraction, and
analysis follows a cyclical process. These pipelines can be designed for various problem
scenarios, taking advantage of a service-oriented architecture that allows reuse of existing
services.Furthermore, several interfaces are introduced for themanagement and process-
ing of traffic data within the services, as well as for database-based scenario management.
This includes the Python library TASI, which provides models for traffic analysis based on
established libraries. These data models allow the homogenization of traffic data from
different sources such as floating vehicles or stationary infrastructure. Additionally, TASI
serves as a toolbox that allows, for instance, the conversion of concrete scenarios into
other formats such as OpenSCENARIO for simulation-based analysis. The versatility and
adaptability of Scenimini has been demonstrated through various applications addressing
different problems or questions, such as the identification of concrete crossing scenarios
that are used in Chapter 5, in different environments.

7.2 Discussion

This thesis addresses the problem of representing real-world traffic data continuously ac-
quired by infrastructure as scenarios. The main contributions are a framework for the
semantic representation of traffic data, a systematic approach for scenario identification
and a platform for continuous scenario identification, extraction and analysis.
Scenarios are typically initially defined using terms from human language. To identify

these scenarios in real-world data, they need to be translated into these terms. Objec-
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tive O.III outlines a methodology that addresses this issue and in Section 3 a solution is
provided. Specifically, a methodology is proposed that can serve as a guideline to iden-
tify the components that need to be defined in order to represent traffic data in terms of
primitives.
In the two case studies, this methodology was applied exemplarily, demonstrating that

traffic data can be represented in terms of primitives using a variety of methods. The
objective was thus successfully achieved. Furthermore, the case studies demonstrate dif-
ferent approaches to definingmaneuvers based on primitives. For instance, in Section 3.3,
the lane change maneuver is described using primitives, and a HMM is employed to map
traffic data onto these primitives. For identifying these maneuvers, they were defined
within the domain of primitives using maneuver signatures. In Section 3.4, the method-
ology is employed to calculate the route of traffic participants in urban areas. The roads
of the network serve as the domain of primitives, and the possible maneuvers correspond
to the routes that traffic participants can take to cross intersections. Unlike the first case
study, the maneuvers are not predefined, but are derived from the digital representation
of the road network. In this study, a dynamically extending directed acyclic graph is em-
ployed to represent the primitives and the relationships among them. The results of both
case studies demonstrate that thismethodology can describe different phenomena in traf-
fic data, thereby achieving objective O.IV . The continuous and long-term processing of
real-world traffic data is essential for the analysis of traffic events, especially of those that
are rare, and the collection of concrete real-world scenarios. Therefore, an appropriate
technical framework is required. This framework must be flexible in order to adapt to
various problems and research questions that may focus on different scenarios, and capa-
ble of processing continuous traffic data streams. This challenge is articulated in RQ.I .
Chapter 5 introduces an approach to systematically identify scenarios, thereby addressing
objective O.I . The method was demonstrated using real-world traffic data from the DLR
AIM Research Intersection for the purpose of deriving space-sharing conflict scenarios.
The efficacy of the presented approach was demonstrated through the analysis of em-
pirical trajectory data and the identification of potential crossing scenarios. Therefore,
objective O.I can be considered achieved. Furthermore, Chapter 6 introduces a platform
that enables the continuous representation of traffic data in terms of scenarios, thereby
addressing objective O.II . Theflexibility and scalability of the platformare demonstrated
by its application to address various problems in different environments using traffic data
collected by quasi-stationary and stationary infrastructure. This objective can also be con-
sidered achieved.

7.3 Outlook

The presented methods and technical frameworks enable addressing various related re-
search questions. However, both the methods and particularly the Scenario mining plat-
form (Scenimini) as a whole can be expanded in future work. The following section pro-
vides a brief overview of potentially relevant future work.
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The primitive-based approach for traffic data representation enables the description
of states, relations and phenomena on a semantical level. In future works, this approach
could be extendedby representing primitives in ontologies. This approachwould allow the
formal description of more complex phenomena in which several phenomena are related
to each other in time [151]. Additionally, building upon existing concepts and relationships
defined in this work, future research could leverage concepts from other ontologies, such
as the A.U.T.O Ontology [152], which already defines safety-related concepts. Integrating
these concepts could enrich the framework with established domain knowledge and facil-
itate broader interoperability and consistency in scenario representation and analysis.
The presented platform for scenario mining enables continuous processing of traffic

data. This is particularly valuable for identifying rare phenomena, which are situated at
the top of the safety pyramid (see Figure 2.7). This was exemplified in Chapter 5, where
traffic participants committing red light violations were identified. This capability is cru-
cial for the development of automated vehicles, as they must handle human errors in the
future. Furthermore, in Section 6.3.2, it was shown that concrete scenarios can be con-
verted into the OpenSCENARIO format. The continuous processing of traffic data and thus
the creation of a comprehensive database of scenarios enable the description of logical sce-
narios. This was demonstrated, for example, in Section 6.4.3 for the scenario of merging
onto the highway, where parameter distributions based on extracted concrete scenarios
were determined. These could be used to describe the logical scenario. These are valuable
for the simulation-based development and testing of automated driving functions. Logical
scenarios can be used to derive concrete scenarios by sampling from the parameter distri-
butions. A major advantage of the simulation-based approach is the thorough testing of
systems in rare and critical scenarios identified in real traffic data.
Another potential topic for future works is the data-driven definition of Operational

Domains (ODs) using traffic data captured by stationary infrastructure. Typically, ODs for
automated driving functions are defined using expert knowledge. AVs will need to assess
whether they remain within the specified Operational Domain as described by the current
Operational Domain. Testbeds could assist in this process by defining and communicating
the current Operational Domain to AVs. Continuous collection of traffic data through sta-
tionary infrastructure across different times of day and seasons, andmapping this data at a
semantic level, could potentially identify various ODs within the respective measurement
area. However, further work is required to determine whether primitives can be mapped
onto terms used to describe the Operational Domain (OD).
For the extractionof scenarios fromreal-world trafficdata, the Scenariominingpipelines

(SMPs) need to be configured and deployed. For this purpose, docker-compose files are
currently utilized and converted for the deployment in a Kubernetes cluster. However, this
docker-compose based approach is considered complex, especially for developers that are
unfamiliar with this technology. This complexity is even more pronounced when config-
uring deployment on the Kubernetes cluster. Moreover, the platform lacks an integrated
solution for monitoring the various SMPs. The design of another user interface for Scen-
imini that enables the management and monitoring of Scenimini in a central place may
be subject of a follow-up work. This interface should also facilitate lifecycle management
of the various SMPs, including the configuration, deployment and monitoring of the in-
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7.3 Outlook

stances. In follow-up works, it may be worth investigating if a low-code or even no-code
solution, technology that emerged could be developed to solve this problem.
It is worth noting that the core of TASI was released into the public domain during the

preparation of this work, hoping to create value for the academic and industrial domains.
The core version includes the presented data structures with some extensions regarding
visualization and data exchange along with data from the DLR AIM Research Intersection.
It is planned to expand the scope of the library in the future to incorporate additional
functionality. This includes the estimation of SMoS and the generation of scenarios from
real-world traffic data, as well as the addition of interfaces to support other publicly avail-
able datasets and data formats.
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