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Abstract

Motivation: Environmental perception is one of the biggest challenges in
autonomous driving to move inside complex traffic situations properly. Per-
ceiving the road’s condition is necessary to calculate the drivable space; in
manual driving, this is realized by the human visual cortex. Enabling the
vehicle to detect road conditions is a critical and complex task from many
perspectives. The complexity lies on the one hand in the development of tools
for detecting damage, ideally using sensors already installed in the vehicle,
and on the other hand, in integrating detected damages into the autonomous
driving task and thus into the subsystems of autonomous driving. High
Definition Feature Maps, for instance, should be prepared for mapping road
damages, which includes online and in-vehicle implementation. Furthermore,
the motion planning system should react based on the detected damages to
increase driving comfort and safety actively. Road damage detection is essen-
tial, especially in areas with poor infrastructure, and should be integrated as
early as possible to enable even less developed countries to reap the benefits
of autonomous driving systems. Besides the application in autonomous driv-
ing, an up-to-date solution on assessing road conditions is likewise desirable
for the infrastructure planning of municipalities and federal states to make
optimal use of the limited resources available for maintaining infrastructure
quality.

Research Approach: Addressing the challenges mentioned above, the re-
search approach of this work is pragmatic and problem-solving. In designing
technical solutions for road damage detection, we conduct applied research
methods in engineering, including modeling, prototyping, and field studies.
We utilize design science research to integrate road damages in an end-to-end
concept for autonomous driving while drawing on previous knowledge, the
application domain requirements, and expert workshops.

Contribution: This thesis provides various contributions to theory and
practice. We design two individual solutions to assess road conditions with
existing vehicle sensor technology. The first solution is based on calculating
the quarter-vehicle model utilizing the vehicle level sensor and an accelera-
tion sensor. The novel model-based calculation measures the road elevation
under the tires, enabling common vehicles to assess road conditions with
standard hardware. The second solution utilizes images from front-facing
vehicle cameras to detect road damages with deep neural networks. Despite
other research in this area, our algorithms are designed to be applicable on
edge devices in autonomous vehicles with limited computational resources
while still delivering cutting-edge performance. In addition, our analyses of



deep learning tools and the introduction of new data into training provide
valuable opportunities for researchers in other application areas to develop
deep learning algorithms to optimize detection performance and runtime.
Besides detecting road damages, we provide novel algorithms for classifying
the severity of road damages to deliver additional information for improved
motion planning. Alongside the technical solutions, we address the lack of an
end-to-end solution for road damages in autonomous driving by providing a
concept that starts from data generation and ends with servicing the vehicle
motion planning. This includes solutions for detecting road damages, assess-
ing their severity, aggregating the data in the vehicle and a cloud platform,
and making the data available via that platform to other vehicles.

Limitations: Fundamental limitations in this dissertation are due to bound-
aries in modeling. Our pragmatic approach simplifies reality, which always
distorts the degree of truth in the result. This affects the model building
of the quarter-vehicle and deep learning. Further limitations occur in the
end-to-end concept. This represents the integration of road damages in the
autonomous driving task but does not detail the aggregation modules and
interfaces of the subsystems.

Future Research: The completion of this work does not conclude the
topic of road damage detection and assessment in autonomous driving. Re-
search must continue to optimize the proposed solutions and test them on a
widespread basis in the real world. Furthermore, the sensor fusion of different
approaches is fascinating in order to combine the advantages of individual
systems. Integrating the end-to-end concept into the ecosystem of an au-
tonomous vehicle is another fascinating field, taking interfaces and cloud
platforms into account.

Keywords

Road damage detection, Road damage severity, modeling, quarter-vehicle,
vehicle dynamic sensor, computer vision, deep learning, autonomous driving
architecture
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Chapter 1

Introduction

1.1 Motivation

Autonomous Driving (AD) will fundamentally change mobility as we know it
today. This applies to the labor sectors in public transportation and logistics,
which are undergoing a major transformation and facing new challenges [1].
Private transportation is also transforming through improved on-demand
shared services and the creation of leisure time on the way to work and on
vacation. To master the AD task, major research e orts are required for
the development of AD technology. Due to its diverse impact on numerous
areas of society and the economy, autonomous driving is considered a key
technology for social change with far-reaching consequences [2].

Media coverage over the last decade reveals that AD was expected to
be realized more quickly. The Guardian proposed in 2015 that we will be
\permanent backseat drivers" by 2020 [3], and a Forbes article from 2017
predicted that \10 million self-driving cars will hit the road by 2020" [4].
Despite signi cant advances in technology, the automotive industry (e.g.,
General Motors Company, Waymo LLC, Tesla Inc., Honda Motor Company,
Toyota Motor Corporation) has not been able to keep its promises to make
AD a serial feature by 2020.

\Google is working on self-driving cars, and they seem to
work. People are so bad at driving cars that computers
don't have to be that good to be much better.”

Marc Andreessen, Venture Capitalist, 2011

Andreessen's quote exposes that just being better than manual driving is
not enough to spur widespread application of AD, which is already largely
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safer than manual driving [5]. However, the extent of the social and legal
hurdles that must be overcome in order to make AD possible has been un-
derestimated, despite the high degree of maturity of the technology. Thus,
there is a large technological gap between being better than manual driving
and being good enough for social and legal acceptance [6].

It is necessary to examine this topic from an ethical point of view because
the use of AD technology requires regulation and ethical guidelines for suc-
cessful deployment. Recent research has investigated moral decision making
in various studies, e.g., Greene et al. 2016 [7], Conitzer et al. 2017[8], and
Awad et al. 2018 [9]. Ethics committees in most industrialized countries
are also dealing with the matter. According to the Society of Automotive
Engineers (SAE) [10], the necessity for regulation and ethical guidelines is
especially marked for high levels of automation (levels 4 and 5, cf. Section 2.1
and Appendix A). In Germany, for instance, this implies that AD must em-
body the following characteristics: a defensive and anticipatory driving style,
a preference for property damage over personal injury, no quali cation of peo-
ple characteristics, and an overall strongly positive risk balance considering
the number of accidents and fatalities [6].

One strategy employed by automotive manufacturers is to initially ap-
ply AD in scenarios of limited complexity. This means, for instance, that
the early series-produced vehicles will drive autonomously on freeways and
highways and will transition to driver's control when exiting onto rural roads
or into urban trac. The more complex the tra c situation, the more de-
manding it is for any Autonomous Vehicle (AV) to navigate reliably. AD
involves a recurring perception-planning-action process executed by di er-
ent technologies and components in the vehicle [11]. In practical terms, this
means that the environment is perceived, the trajectory is planned on the
basis of the environment, and the motion is executed in an iterative process
by the vehicle's dynamic system.

The vehicle perception system is responsible for perceiving the environ-
ment, including road lanes, road signage, tra c lights, other vehicles, and
many more objects. An essential part of the Vehicle Motion Planning Sys-
tem (VMPS) is the calculation of the \drivable space" based on the perceived
environment [12, 13, 14]. This requires the detection of road quality and any
signi cant damage to the road [15, 16]. Without this feature, AD would only
be feasible in areas with rather good road quality. To overcome the techni-
cal challenge of autonomously driving the vehicle in poor road conditions,
these conditions must be properly recorded. This technical challenges also
have social consequences, as AD should not only be realized in industrialized
countries but also in developing countries, which tend to have infrastructure
of worse quality.
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The recognition of road conditions has not yet been su ciently imple-
mented in the perception system of AV. We determine this from the literature
(e.g., Koch et al. 2015 [17]) and from the expert workshops we conducted,
as described in Publication I. Even Tesla, Inc., famously an early adopter
of camera-based object detection, announced as recently as 2020 via a tweet
from CEO Elon Musk that they are labeling road damages in their database
in order to react to them proactively and increase the safety and comfort of
vehicle occupants.

\Yes! We're labeling bumps & potholes, so the car can
slow down or steer around them when safe to do so."

Elon Musk, CEO of Tesla, 2020

The implementation of Road Damage Detection (RDD) algorithms in
series-produced vehicles has been delayed for many reasons. One is undoubt-
edly the aging electronic and electric vehicle architecture and the current
e orts of traditional automotive manufacturers to facilitate centralized com-
puting capacities. The days of a fragmented, control unit-based vehicle archi-
tecture seem to be numbered. As a consequence, developers and researchers
are still struggling to nd a solution for RDD.

A potential solution is the resource-saving use of already existing vehicle
sensor systems. We nd this particularly signi cant, as from a philosophical
point of view it serves a pragmatic approach and leans on critical inquiry and
the principle of abduction, which encourages looking for immediate solutions
rst in order to solve problems [18]. Compared to commercial solutions that
record road quality, which cities and municipalities spend a lot of money on
in order to monitor their infrastructure [19, 20], our technology proposed in
this dissertation can record data in real-time. Thus, degradation of the road
quality can be recorded transparently and accelerated changes in quality due
to weather conditions can be quickly tracked to improve vehicle navigation,
which also bene ts the infrastructural planning of municipalities.

Although this dissertation focuses primarily on new road condition moni-
toring technologies, it also examines the lack of an end-to-end system for us-
ing such road condition data to support AD. Consequently, we address both
the challenges speci c to vehicle architecture and the technological problems
related to the application of RDD.
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1.2 Problem Statements

The growing number of components is to some extent a required practice for
car manufacturers; the addition of new features increases safety. However,
this trend has fallen out of favor with manufacturers, as it is a signi cant cost
driver [21]. How, then, can we e ectively integrate new features, in our case
explicit monitoring of road conditions in real-time, into the vehicle without
having to install additional hardware?

Solutions for the real-time detection of road conditions in AD
that leverage existing vehicle sensor technology are missing.

Problem 1

Studies on the detection of road damage have been conducted in the past,
especially camera-based research, but the solutions have so far been geared
towards detection performance. As a result, they ignore the limited comput-
ing resources in vehicles. Lightweight Machine Learning (ML) solutions with
hand-crafted features cannot keep up with Deep Learning (DL) approaches
and therefore fall out of consideration. A low-cost and lightweight approach
becomes essential when considering how many tasks AVs must perform in
parallel. In the overall context of the AD task, RDD is only a tiny part of
successful implementation, so a solution should only take up an incremental
share of the total computing power. According to Koch et al. [17], past re-
search did not satisfactorily achieve road condition and defects assessment in
2015. The workshops with experts in AD that are described in Publication
| con rm that this statement still holds today.

No satisfactory high-performance and lightweight solution exists for sensing
road conditions with conventional front-facing vehicle camera sensors.

Problem 2

Connected and Autonomous Vehicles (CAVs) draw information from their
on-board sensor systems. High De nition Feature Maps (HD Feature Maps)
are critical to validation of local detections. Many modern vehicles are ca-
pable of sensing the environment continuously. These multiple sources lead
to redundant information in the online HD Feature Map and therefore in-
crease the con dence about the presence of objects in road trac. Yet, no
end-to-end concept that incorporates from data generation to delivery of in-
formation for vehicle motion planning is currently available. The technologies
for detecting road damage are likewise neither clearly de ned nor embedded
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in a concept. If road damage and possible hazards are to be successfully
addressed in AD, the new features must be integrated into the existing AD
pipeline (cf. Section 2.1.3).

No end-to end CAVs concept that addresses road damage in the on-board
and online integration in HD Feature Maps is currently available.

Problem 3

A lightweight concept that integrates road damage features into the ar-
chitecture of modern AVs, especially regarding the VMPS, the Vehicle Per-
ception System (VPS), and the Online Mapping System (OMS), has not yet
been formulated.

1.3 Research Questions

Based on the three problems discussed in the previous section, we generate
research questions that we address through our research. Our research ques-
tions are designed according to Thuan et al. [22]. The publications listed in
this dissertation each contribute to the answers of the research questions.

Research question 1 (RQ1) is drawn from Problem 1 and addresses the
lack of solutions for RDD that utilize existing vehicle sensors. Novel ap-
proaches are to be explored to record road damage with existing vehicle
sensors, only by using additional software.

How can built-in vehicle sensors be utilized to detect road damages?

Research Question 1 (RQ1)

Research question 2 (RQ?2) is drawn from Problem 2 and addresses the
current focus on detection performance in DL. Due to the limited computa-
tional resources in AVs, DL algorithms must be designed in a resource-saving
manner. We strive to develop DL algorithms that maintain cutting-edge de-
tection performance while being lightweight enough to be applicable in AVs.
RQ2 focuses on the training methods of DL algorithms and the impact of
the training data.

How and upon what data must a road damage DL
algorithm be trained to be applicable in AVs?

Research Question 2 (RQ2)
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Research Question 3 (RQ3) is respectively drawn from Problem 3 and
focusing on how an end-to-end concept must be designed to support the AV
motion planning. The question addresses the process from data generation
of on-board sensors, via calculation of road damage features to the actual
utilization of the features in motion planning.

How can sensor data be used in an end-to-end concept
to deliver valuable AVs motion planning information?

Research Question 3 (RQ3)

1.4 Research Structure

Each of the topics of this dissertation contributes to our ultimate goal of
teaching the autonomous vehicle how to sense road conditions, correctly as-
sess and process them, and incorporate them into the vehicle motion plan-
ning. The goal is to allow AVs to drive comfortably and safely, even in poor
road conditions. The technical implementations of individual components
di er greatly, which is why we structure the dissertation following the tech-
nological solutions and the description of an end-to-end concept from sensors
to service.

Table 1.1: Overview of the publications of the dissertation

No. Outlet

I Data & Knowledge Engineering (under review)

I IEEE Sensors Conference 2019

" IEEE Vehicular Technology Conference 2020 Fall

A% IEEE Sensors Conference 2020

\% IEEE Sensors Journal

Vi IEEE Intelligent Transportation Systems Conference 2020
VIl IEEE International Conference on Big Data 2020

VIIl IEEE Vehicular Technology Conference 2021 Fall

IX IEEE Transactions on Intelligent Vehicles (under review)

X IEEE Int. Conf. on Electr., Information and Commu. 2021

Table 1.1 displays the outlets of the ten publications in this dissertation.
The table does not represent the chronological ordering as in many research
projects (and reinforced by the applied setting of the publication in HELLA's
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research laboratory for automotive electronics E-LAB), the publication con-
tents follow the competence development of the researchers and new ideas
throughout the research process. For this reason, the contents of the ten pub-
lications were usually not processed in strict succession but partly in parallel
and in uenced by each other. Publication X in Table 1.1 is out of the scope
of this dissertation and will not be addressed in the preamble; however, it
has been included for the sake of completeness.

The following explains the new, thematically appropriate structure, the
research methodology, and the sensor technology that was used. In order
to explain the research contributions, limitations, and future work in the
preamble, we group Publications | to IX in three subject areas: utilization
of on-board sensors in the Quarter Vehicle Model (QVM) to assess road ele-
vation, Computer Vision (CV) application of front-facing camera sensors to
detect and classify road damages ahead of the vehicle, and End-to-end (E2E)
concept that integrates road damage features into the modern architecture
of AVs, from sensor data generation to support of vehicle motion planning.

Table 1.2 outlines our QVM-based research on assessment of road condi-
tions. The table illustrates, for Publications | to VI, the sensors that were
utilized, the research approach and methodology, and the relevant contribu-
tions.

QVM: The rst approach uses sensors in the vehicle dynamics to compute
the elevation pro le of the road under the tires. It is a model-based calcu-
lation that utilizes the Vehicle Level Sensor (VLS) and an AS in the QVM.
The output is an accurate elevation pro le that can be processed into di er-
ent road quality indices (c.f. Section 2.2). Publications Il to VI deal with
the evolutionary stages of the novel method for measuring the road surface
(see Table 1.2). Publication Il delivers rst results in a research-in-progress
paper, introducing the design of a laboratory setup explicitly developed for
the proof of concept. The setup re ects a quarter of a vehicle and isolates
the vertical forces, which allows for evaluation of the sensor setup for the
model-based calculation. Publication Ill describes the exact modeling pro-
cess, tests di erent parameter sets of the QVM in the laboratory setup, and
demonstrates the setup's functionality. It represents a new level of matu-
rity compared to Publication | and includes the evaluation of the research.
Publication IV is a live demonstration paper. At IEEE Sensors (conference),
demonstrations of research were covered in a dedicated track and were open
for discussion over the duration of the conference. We were able to present
our laboratory setup live in front of an expert audience. Publication V is
an extension of Publication Il and represents the transfer of the functional
principle to a real vehicle. Dealing with vehicle interfaces, raw sensor data,
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and data processing on edge devices was a signi cant part of the extension
and prerequisite for the eld study. Evaluation of the technology in a test
vehicle is a major step toward application.

Table 1.2: Publications related to QVM-based road condition monitoring

Publication Il & Publication Il
Sensors Pre-installed Vehicle Level Sensor & Acceleration Sensor
Approach Model building & Prototyping
Contribution Novel road assessment utilizing the quarter-vehicle

Publication IV
Sensors Pre-installed Vehicle Level Sensor & Acceleration Sensor
Approach Live demonstration at conference including discussion
Contribution Road assessment in laboratory setup

Publication V
Sensors Pre-installed Vehicle Level Sensor & Acceleration Sensor

Approach Prototyping & eld study

Contribution Laboratory setup & eld study in a real vehicle setup
Publication VI

Sensors Pre-installed Vehicle Level Sensor & Acceleration Sensor

Approach Prototyping & eld study

Contribution ML-based detection of road pavements and damages

Publication VI indicates the transition in our research from the rst to
the second approach. We pair our use of the VLS and the AS in the vehi-
cle dynamics with classic ML approaches. The sequence of data is used to
detect road coatings (e.g., concrete, asphalt, gravel) and damage. Already
transversed road damages are transmitted to a cloud platform to be used for
subsequent vehicles. For this publication we have performed measurements
in Toulouse, France with our test vehicle. Furthermore, the publication in-
cludes the architecture of the cloud prototype and the visualization of the
results in an online map.

In addition to these contributions, we acknowledge that the recognition of
poor road conditions happens when the vehicle has already passed them and
that the measurements are limited to the surface under the tires. Despite
the application in the cloud scenario, we would like to enable the vehicle to
detect damage in a predictive and board-autonomous way in order to move
more comfortably and safely, even without an internet connection. This
led us to the use of camera sensors for RDD. A considerable advantage of
this technology is that camera sensors face the direction of travel and can
assess road damages in advance. In this scenario, road damages can lead to
adjustments in driving behavior within the vehicle and do not have to be
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obtained via a cloud platform.

CV: By utilizing the camera in the second approach, we apply CV tech-
nology. The Publications VII to IX are displayed in Table 1.3, including
the sensor technology, the research approach, and the contributions. CV-
related contributions also answer RQ1, as front-facing cameras are standard
hardware in modern vehicles. Additionally, the approach contributes to RQ2
through its focus on applicability regarding computational resources. From
Publication VII to IX, we increasingly focus on designing DL algorithms for
edge devices in vehicles. Detecting road damages rather than processing an
accurate pro le of the road has advantages and disadvantages. These are
explained in detail in the publications and are included in the contributions
of the preamble (c.f. Contributions).

Publication VII represents our DL approach to RDD, Faster Region-
based Convolutional Neural Network (FRCNN) (cf. Section 2.4.1). With
this solution, we were able to place twelfth of over 200 submissions in the
IEEE Global Road Damage Detection Challenge (GRDDC) 2020 [23, 24],
which led to an invitation to publish our results at the IEEE International
Conference on Big Data. All teams were provided with the Road Damage
Dataset (RDDS), including over 31,000 damage annotations (cf. Datasets
and Labeling).

Building on these successes and the competing solutions in the GRDDC,
we investigate You Only Look Once (YOLO) algorithms (cf. Section 2.4.2)
in Publications VIII and IX. Although the rst investigates YOLOv4 and
the second YOLOV5, both focus on designing a sweet-spot for e cient per-
formance of a Deep Neural Network (DNN) while maintaining real-time ca-
pability in AVs. We generalize our analyses and application of the tools to
facilitate research of object detection tasks independent of the use case. In
addition to RDD, Road Damage Severity (RDS) classi cation is of great rele-
vance for the motion planning of AVs. Minor damages should not be avoided,
even if they are detected. Avoidance of signi cant damage, which is crucial
for vehicle comfort and, above all, for safety, should be a priority.

Publications | and VIII provide approaches on classifying the severity of
potholes. However, the subject is not conclusively addressed in this disser-
tation for other damages classes than potholes (cf. Limitations). For the
two publications, we self-labeled over 10,000 automotive-grade camera im-
ages, which we use alongside the RDDS from the challenge. The ADS is not
public, but it is described in detail in Publications VIII and IX, as well as in
Appendix A.

E2E: In Publication I, we conduct Design Science Research (DSR) and pro-
pose an end-to-end concept for the AD system that incorporates road dam-
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Table 1.3: Publications related to the CV-based road condition monitoring

Publication VII
Sensors Front-facing camera: RDDS from GRDDC
Approach DL modeling & evaluation
Contribution FRCNN DL algorithm for road damage detection
Publication VIII
Sensors Front-facing camera: self-labeled ADS & RDDS

Approach Prototyping
Contribution  Lightweight DL algorithm for RDD & RDS detection

Publication IX
Sensors Front-facing camera: self-labeled ADS & RDDS
Approach Prototyping & structured impact analysis of tools in DL

Contribution Impact of DL tools and guidelines for DL model design

ages and improves the high- and low-level path planning of AVs. This utiliza-
tion of both technologies in this dissertation (QVM and CV) in an end-to-end
concept to be implemented in the AD architecture is the rst of its kind. The
concept combines the two approaches to both enable predictive detections of
road damages and also to validate the detections with the QVM-based cal-
culation of the road. E2E in this context refers to the process that begins
with the generation of sensor data in the vehicle and ends with the provision
of road damage information to the AV's motion planning system. We have
speci cally designed algorithms for RDD and RDS that are in accordance
with the limited computation resources.

Table 1.4: Publication related to the (E2E) concept for road damage detec-
tion and severity classi cation in autonomous vehicles

Publication |
Sensors Front-facing camera: self-labeled ADS & RDDS
Approach Design Science Research incl. expert workshops & modeling

Contribution End-to-end concept on road damage detection in AVs

1.5 Research Methodology

To answer the RQs raised in Section 1.3, we have chosen a bottom-up ap-
proach to pay respect to previous knowledge and the research setting in
the laboratory for automotive electronics (E-LAB) at HELLA GmbH & Co.
KGaA. Bottom-up in this dissertation refers to rst focusing on developing
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technical solutions (QVM and CV) that are capable of assessing road condi-
tions. We follow up with a concept of how to utilize them within the existing
vehicle architecture. In this section, we provide an overview of the research
methodologies applied in this dissertation. First, we explain our approach
to the Literature Analysis, which is necessary for all research content. We
then explain the DSR paradigm that was employed in Publications | and 1X.
Finally, we discuss the Applied Quantitative Research to the development of
our technical solutions. We de ne the methods, modeling, prototyping, and,
eld study commonly applied in engineering that appear repeatedly in the
dissertation's publications.

1.5.1 Literature Analysis

Reviewing the relevant research literature is crucial to understanding the
relevant domain contents, issues, and results [25]. Familiarity with related
research expands the knowledge base and prevents previously explored topics
from being researched again. As none of the publications include a full lit-
erature review, an in-depth heuristic literature analysis has been performed
for each publication.

We identify and analyze relevant publications for our eld, using schol-
arly search engines, such as Google Scholar and IEEE Xplore. The selection
of keywords is based on the related literature and is re ned during the anal-
ysis as we explore which wording is primarily utilized in our domain. The
sources of particularly suitable publications are examined to ensure that no
relevant publications have been omitted. The analysis also includes group-
ing the publications by speci c properties. For example, we were able to
cluster research results on road condition monitoring according to the sensor
technology used.

1.5.2 Design Science Research

We have holistically applied DSR only in Publication | and as a research
paradigm in Publication IX. However, studying the research method also
helped us to problematize, iterate, and adapt to the needs of the application
domain in the other publications (especially VIII). We are drawn to DSR's
epistemological stance, especially its pragmatism and preference for utility
over truth [26, 27, 28].

A characteristic feature of DSR is the recurring examination of the knowl-
edge base and the needs and requirements of the application domain. The
framework for this iterative process is displayed in Figure 1.1. It entails the
relevance cycle, which deals with the application domain, and the rigor cycle,
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which deals with the research foundations. The design cycle is between the
other two cycles and represents the actual build process of the determined
artifact(s), as well as its evaluation.

Building artifacts in DSR can follow very di erent paths depending on
which artifact type is being designed. Artifact types include but are not lim-
ited to algorithms, model designs, guidelines, frameworks, and processes [29].
The research in Publication | is special and unusual, as two di erent artifact
types and three artifacts are designed in total (one model design, two algo-
rithms) in response to the application domain context. The evaluations can
and must be as varied as the artifacts. This allows for both qualitative testing
of their processes and concepts (via workshops and interviews) and quantita-
tive testing of their algorithms (via mathematical evaluation metrics). The
three cycles and our take on each are fully explained in Publication |

Transparency regarding the applied tools is especially important in the
execution of DSR due to the high degree of freedom of the researchers. For
example, we supply a step-by-step description of our approach and imple-
mentation in inputs, methods, steps and results in the respective cycles.

Figure 1.1: Cycles of Design Science Research according to Hevner 2007 [30]

1.5.3 Applied Quantitative Research

Our research approach in building the technical QVM-based and CV-based
solutions is applied and quantitative. Applied research is designed to solve
practical problems, rather than to acquire knowledge for knowledge's sake
(similar to DSR focusing on pragmatism over truth). One can conclude that
the goal of the applied scientist is to improve the human condition in the
modern world [31]. It employs theories, knowledge, and techniques for a
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speci ¢ purpose. Due to its application oriented nature, applied research is
mostly empirical. The process of gathering and evaluating numerical data
is known as quantitative research. It may be used to look for patterns,

make predictions, evaluate causal relationships, and extrapolate results [32].
Results are obtained on the basis of quantitative evaluations.

Smith 2003 describes the engineers take on problem solving as \the use of
heuristics to cause the best change in a poorly understood situation within
the available resources" [33], which is very familiar to the approach taken in
this work. Regarding Smith's description, we explain below the applied and
guantitative methods, modeling, prototyping, and eld study utilized in our
research.

Modeling: In modeling, researchers strive to build models that expresses only
those properties of the real-world artifact that are considered important for
the investigation. The simpli cation aims at a manageable and mathemati-
cally computable model or a model suitable for experimental investigations.
Models tackle di erent purposes which is why they can be designed to repre-
sent a structure, a behavior, or a process. Model building can be conducted
systematically and/or creative [34]

Figure 1.2 displays an iterative process of model building according to
Nollau 2009 [34]. The original system and the model cannot be directly
compared with each other, as Figure 1.2 illustrates. Based on the observed
behavior, a initial modeling approach results in a starting model. The model
behavior can then be compared with the observed behavior of the original
system to derive behavioral di erences. Design iterations are executed to
improve the model design.

Figure 1.2: Process of model building [34]
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The QVM utilized in Publications Il to V is a simpli cation of the re-
ality. We use this model to calculate the road elevation and quantitatively
evaluated the results by comparing the real-world behavior with the model
behavior. Modeling in DL, especially in object detection, is also an itera-
tive optimization task. In this case, we want to realize the task of object
recognition as precisely as possible. The detection performance evaluated by
computer vision metrics (e.g., mean Average Precision (mAP), F1-score) and
visualized in confusion matrices, for example.

Prototyping: Major content of this work is realized in prototypes. Proto-
typing is commonly applied in engineering and, like DSR, focuses on prag-
matism. A prototype is a tangible representation of a speci c artifact, often
in an interactive system. It is the opposite of an abstract description that
must be interpreted. Designers, as well as managers, developers, customers,
and end users, can use the prototype to visualize and troubleshoot the nal
system, as it provides limited exhibition of the main functional capabilities
of the proposed system. This method is often used due to its pragmatic
and solution-oriented nature, which allows for easy testing of principles and
functions [35].

Regarding the QVM-based solution (cf. Table 1.2), we rst design a
laboratory setup (a miniaturized prototype of a quarter-vehicle) to rapidly
investigate the VLS and the AS in the QVM. The design of the laboratory
setup is based on a morphological analysis, a creativity method for the sys-
tematic analysis of complex artifacts. The method structures and investigates
the total set of relationships contained in multidimensional, non-quanti able
problems [36]. Our goal was to build miniaturizations of a quarter-vehicle
and of road segments that represent various road coatings and qualities. We
structured the laboratory setup into assembly parts, for which potential solu-
tions are listed regarding each part. By combining parts in a variety of ways,
innovative, goal-oriented approaches can be identi ed [36]. The result is the
design of the laboratory setup published in Publications Il to V. We fol-
lowed with the development of the model-based calculation of the laboratory
setup's QVMs. This includes the acquisition of the spring and damper con-
stants and of the sprung and unsprung masses. Subsequently, we integrated
the VLS and the AS signal processing on a microcontroller to gather the
motion data from the spring-damper system of the laboratory setup. Based
on the successful implementation of the model-based calculation in minia-
turization, we proceed with the implementation in a test vehicle to evaluate
the concept.

Field Study. Field studies are the extension of laboratory experiments into
real-life situations and provide a more realistic take on the phenomena or
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artifact under investigation [37]. The projection from a laboratory setup
into an application system can entail massive time and cost expenses. It
often involves dealing with subsystems and interfaces to other systems. The
goal of a eld study is to evaluate the behavior of the object of investigation
in a real-world environment. In contrast to eld studies in business science,
eld studies in engineering science can be evaluated quantitatively regarding
a measurand, if the ground truth is available [37].

In this dissertation, the QVM-based solution on assessing the road surface
is evaluated in a eld study. To get to this point, integration into the vehicle
must have taken place. The evaluation of CV solutions, on the other hand,
is debatably a eld study, as we have not implemented the system in a
test vehicle, though, the ADS (cf. Section 2.4.3) provides images from real
front-facing vehicle cameras. We furthermore evaluated the runtime of the
algorithms on an edge device built for lightweight application.
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Chapter 2

Research Background

This chapter addresses a cross-section of the fundamental research back-
ground of Publications | to IX. This sets the stage for a smooth transition

to the publications' content, as each publication contains its speci ¢ research
background. Hence, this chapter is not redundant but complementary to the
publications at a higher level of abstraction. Following the introduction to
the fundamental principles of AD, the Perception-Planning-Action Pipeline
(Section 2.1.3) is introduced, focusing particularly on the Environmental Per-
ception (Section 2.1.1), and HD Feature Maps (Section 2.1.2). Inspired by
DSR, this mirrors the application domain. The contextualization increases
the relevance of the publications and is therefore invaluable.

The same applies more speci cally to the fundamentals of Vehicle Dynam-
ics (Section 2.3), in particular the Quarter-Vehicle Model (Section 2.3.1) and
the sensors installed therein (Section 2.3.2). These sections are particularly
relevant for the context and content of Publications Il to VI.

The last part of the research background is about CV, especially DNNs,
the basis of Publications VII to I1X. Following an introduction to CV, dis-
cussion focuses upon object recognition, basic parameters, and settings for
training DNNs. Next, we explain the two DL frameworks, FRCNN (Sec-
tion 2.4.1) and YOLO (Section 2.4.2), which are essential to this research.

2.1 Autonomous Driving

With fully autonomous driving, vehicle occupants no longer have to perform
any driving tasks. To achieve this goal driver assistance systems have al-
ready relieved the driver of a considerable portion of vehicle control. This
includes the engine, the brakes, and the steering. In the automotive industry,
autonomous driving is seen as a mega-trend with considerable impact on the
industry itself and society as a whole [2].
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In 2014, the SAE published what became the global standard for de ning
levels of vehicular automation [10]:

N

Level O: No automation.

Level 1. The vehicle operates with support systems, such as antilock
braking system or electronic stability control, that intervene automat-
ically in appropriate situations.

Level 2: Automated systems take over partial tasks (e.g., adaptive
cruise control, lane change assistant, automatic emergency braking).
However, the driver retains control of and responsibility for the vehicle.

Level 3: The car can conditionally accelerate and can break and steer
independently. If necessary, the system prompts the driver to take
control.

Level 4: In standard operation, the vehicle can be fully autonomous.
However, the driver has the option to intervene and drive manually.

Level 5: Fully automated, autonomous operation of the vehicle with
no possibility of or necessity for driver intervention.

A more detailed explanation of the di erent levels of automation can be
found in Appendix A, Table A.1. There we further distinguish the levels be-
tween Steering & Acceleration Monitoring of Driving Environment, Fallback
Performance Driving Task and Drive Modes

AD requires various types of support systems that in higher levels of
automation must interact to achieve truly autonomous behavior. Among
them are braking, adaptive speed, tra c jam, lane departure, turning, and
parking systems. In addition, there are various sensor systems. AVS must
be equipped with systems for environment recognition. Besides cameras,
other sensor systems include Radio Detection and Ranging (RADAR) and
Laser Detection and Ranging (LIDAR) sensors for measuring distances and
processing environmental data.

AD level 5 will entail far-reaching changes to the vehicle interior, as it will
no longer be possible or necessary for the vehicle occupants to intervene in the
driving task. In Germany, in contrast to other highly developed countries, the
legal framework for the highest level of automation is still unclear because the
law currently states that the driver must be able to \overrule" the vehicle [38].
Accidents, even if in reduced numbers, should still be expected. Liability in
such events remains a partly open issue because the vehicle itself can hardly
be held accountable, and the automotive companies will want to prevent
liability.
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2.1.1 Environmental Perception

Starting at level 2 and increasing dramatically in subsequent levels, the ve-
hicle must understand the scene in which it is located by perceiving various
objects in the environment. In order to gain a su cient understanding of the
tra c situation to be able to move reliably in it, various tasks must be car-
ried out in parallel to capture the scene. In the following, we will therefore
describe the subsystems$ocalizer, Mapper, Road Mapper Moving Objects
Tracker, and Tra ¢ Signalization Detector , which are required to reliably
detect the tra c situation and the vehicle's own role in that situation [39].

It is critical that the system run in real-time in order to detect changes as
quickly as possible.

The Localizer subsystem is responsible for pose estimation of the AV,
which consists of its position and orientation. Initially, it might appear
promising to use GPS sensors for pose detection, but these are not reliable
in urban areas, do not work in tunnel systems, or between tall buildings,
and would be unsuitable for use even in rural areas due to the inaccuracy of
the position information. In the literature, LIDAR and camera systems or a
combination of both are primarily used for localization. While LIDAR sen-
sors remain expensive in mass production, the pose estimation they enable
is very reliable and accurate. [40, 41, 42]. A combination of both primarily
utilizes LIDAR-data to build a map of the environment and camera images
to estimate the pose within that environment [43, 44]. Solutions solely based
on camera are less expensive, though also less precise [45, 46]; Some also
utilize Neural Networks (NNs), though with poorer performance [47, 48].

The Mapper is a subsystem that operates both online and o ine and
computes the operating environment of the vehicle. It helps to prevent colli-
sions but also to navigate within the environment according to the relevant
tra c rules. Topological representations of the environment often describe
it in graphs of nodes and edges. Nodes are features/objects of the map,
such as tra c lights or other important objects, that are relevant for AD.
Edges describe relationships between nodes with position, orientation, and
distance between the nodes. Google Maps and Open Street Map [49] utilize
similar approaches. The resolution of a topographic map can be very low
in rural areas with very straight highways, for example, and very high in
cities with many roads, intersections, and possibly even tunnels. In-depth
information about HD Feature Maps are given in Section 2.1.2. Typically, an
o0 ine (static) map is merged with local data from environmental detection
sensors (a combination of LIDAR, RADAR, and camera) and the vehicle's
state [13, 39].

Another essential task consists of tracking moving objects and estimat-

39



ing their position in relation to the vehicle. This task is performed by the
Moving Objects Tracker which detects and tracks the velocity, location, and
orientation of pedestrians, other vehicles, and other moving objects [50].

Some features of thélra ¢ Signalization Detector are already installed
in mass-produced vehicles in the form of a tra c signage recognition. This
is an example of a assistance system (level 1) that supports the driver with
information, such as speed limits. To succeed with higher levels of AD,
horizontal tra c signage such as road markings are of great relevance for
decision marking and must be present in the vehicle map. The detector needs
to either recognize various signage as well as identify the exact position, class,
and status [51, 39].

The described components can be summarized as the VPS. In the next
sections, we explain the remaining systems that are required to drive au-
tonomously.

2.1.2 HD Feature Maps

Humans can successfully apply maps with low information density to navi-
gate complex environments because of their experience and depth perception.
However, the multitude of information from the sensor systems of the CAV
cannot be accommodated in a structured way on a conventional map. As a
consequence, AVs demand a new map structure from which they can obtain
information that is required to perform the driving task.

On-board sensor systems (e.g., Camera, LIDAR, RADAR) perceive traf-
¢ objects which need to be stored in a local environment consisting of a
semantic structure, enabling AVs to store environmental information accu-
rately, which allows for the construction of HD Feature Maps directly from
3D sensory data. Such a map is called an HD Feature Map and is both the
endpoint of the AV's environmental perception system and the starting point
for the motion planning task. Rather than a full 3D map of the environment,
HD Feature Maps include all the key geometric features of the road network
and semantic information about, for example, the lanes of a road, speed lim-
its, tra ¢ signs, and tra c lights. The condition of the road can be precisely
stored via a grid or via markings, which are two di erent approaches that
are discussed later in Section 2.2 [52, 53, 54].

HD Feature Maps commonly compose three types of map features: static
objects, tra c control devices, and roadway geometry. Static objects repre-
sent objects of interests for the vehicle to be considered in motion planning
due to their size or position. Static objects can be trees, buildings, barriers,
walls, or, relating to this dissertation, signi cant road damages.

Tra ¢ control devices guide the vehicle on their supposed behavior by
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establishing tra c rules for a designated location or area. This include but
is not limited to road surface markings, tra ¢ signs, and tra c lights. The
roadway geometry is represented by polylines, polynomial curves, or splines,
crucial to understand the designated path to be followed for the AVs. Sec-
tion 2.1.2 displays a picture of a road course including a highway and a
highway exit. The below polylines describe the road curse. The lines are
often considered as edges, while the xed points are often stated as nodes.
Both can be applied with speci c properties. AVs must perform their self-
localization in the environment to utilize the information provided by the
HD Feature Map. This was previously introduced as the localizer (cf. Sec-
tion 2.1.1).

Besides the local HD Feature Map, representations of the environment
are stored in online HD Feature Maps. The combined use of both local and
online maps entails many opportunities. The online HD Feature Map is a
joint map, generated from a high number of individual vehicles through ag-
gregation processes. Individual vehicles contribute to an online map while
being able to gain information from the map for preceding road segments
[54, 55]. In our expert workshops conducted in Publication I, the experts
considered the online HD Feature Map as an additional sensor system to in-
crease con dence for static objects, tra ¢ control devices and the roadway
geometry.

Figure 2.1: A road course including nodes and edges [55]

Further details on HD Feature Maps are included in Publication I. Liu
et al. 2020 [56] perform a comprehensive overview of HD Feature Maps in
AD, while Jo et al. 2018 [57] propose a concept on updating the online map
based on crowd sourcing from AVSs.
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2.1.3 Perception-Planning-Action Pipeline

The VPS represents the rst part of the perception-planning-action pipeline
in AD and is explained in detail above (cf. Section 2.1.1). The VPS perceives
the environment and enables the planning tasks based on the structured data
gathered in the HD Feature Maps. The remaining planning and action tasks
are explained in the following.

Motion planning can be split into high- and low-level path planning.
High-level path planning, commonly called route planning, is performed
through graph search algorithms in a road network. The calculated route is a
sequence of waypoints represented by coordinates. Suppose the road network
is represented by a weighted directed graph, whose vertices are waypoints.
In that case, edges connect pairs of waypoints, and edge weights denote the
cost of traversing a road segment de ned by two waypoints. Computing the
best route can then be reduced to nding the shortest path in a weighted
directed graph [13, 39]. The performance of algorithms for route planning in
road networks has improved signi cantly in recent years, resulting in more
complex calculations than those explained above. Even for routes that cross
continents, newly developed algorithms can compute driving directions in
milliseconds or less. Bast et al. (2016) provide a review of route planning
algorithms in road networks that are suitable for self-driving cars [58]. The
second task within high-level path planning is the actual path planner sub-
system that nds the proper path in the selected route. Input values for the
planning task are the AV's state, the perceived environment, and the traf-

c rules. A path is composed of a sequence of poses (the vehicle's position
and orientation). The path planning is typically executed for several tens to
hundreds of meters ahead [59].

Low-level path planning also consists of two subsystems, the behavior
planner and the motion planner. Selecting the proper behavior in a given road
tra c situation is mandatory to successfully perform AD. The subsystem
is responsible for selecting the right behavior in the perceived environment
by, for example, keeping the lane, changing the lane, stopping the vehicle,
or accelerating to pass another vehicle. Within the allowed decision time
frame, the behavior planner selects a goal based on current driving behavior
and input from the collision avoidance system regarding static and moving
objects in the environment. From this step onwards, not solely technical
issues are of relevance for the subsystems. As 100% safety can probably never
be achieved, moral decision making is a research topic under investigation
[7, 9]; however, that research is beyond the scope of this dissertation. Classic
solutions for selecting a behavior are heuristics, decision trees, and nite state
machines [60], however single techniques perform poorly in complex trac
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scenarios. Combinations of nite state machines and other techniques are
applied to improve the decision making (e.g., Aeberhard et al. 2015 [61],
Okumura et al. 2016 [62]) while also focusing on lowering the uncertainty of
moving objects in the environment by utilizing partially-observable Markov
decision processes (e.g., Galceran et al. 2017 [63]).

The motion planner calculates the vehicle trajectory in the selected path
with the chosen behavior, constrained by the vehicle kinematic and dynamic.
Two di erent approaches are discussed in the literature and practice, one
using a sequence of commands that includes a velocity, a steering angle, and
a command duration or sequence of states (poses to be achieved in a speci ed
time frame). The ultimate goal of the motion planner is to comfortably and
safely move the vehicle from its origin to the desired destination. Several
methods for motion planning are discussed in Gonalez et al. 2015 [59] and
Paden et al. 2016 [64].

The action part of the perception-planning-action pipeline is responsible
for the execution of the planning results. This includes commands to the
respective actuators of the vehicle, the steering wheel, throttle, and brakes
of the AV. As this is less relevant to the content of this dissertation, we refer
to Ziegler et al. 2014 [51] and Paden et al. 2016 [64].

The in uence of road damage considerations on the perception-planning-
action pipeline is explained in detail in Publication I, as our goal is to actively
contribute to these planning tasks in order to improve passenger comfort and
safety.

2.2 Road Condition Metrics

Analyses of road conditions arise from di erent motivations: (1) to assess
the quality of the infrastructure for road authorities and (2) to record road
damages to avoid dangerous and uncomfortable situations based on road
evaluations. In order to successfully implement both use cases, metrics are
needed that can be applied to compare road analyses with a de ned stan-
dard. The literature o ers two di erent types of metrics, the rst of which is
the detection and evaluation of a single instance of road damage at an exact
geo-position. The second is an evaluation of road sections via representa-
tive grading. The left side of Figure 2.2 visualizes the evaluation of single
damages, while the right side represents possible gradings of road sections.
Case (l) focuses on detecting and evaluating the type, severity, and loca-
tion of single damages. In our research, we apply the type classi cation of
the Japanese Road Maintenance and Repair Guidebook 2013 [65], which was
also utilized by Maeda et al. 2018 [66]. The relevant damage classi cations
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for our research are DOO for longitudinal crack, D10 for lateral crack, D20
for alligator crack, and D40 for pothole. Further classi cations are listed in
Table 2.1 in Section 2.4.3.

In case (II), various options exist for the analysis of road segments. In
1973 a method evolved to interpret the elevation pro le of a road. If we
consider the road prole as a curve, each curve can be broken down into
a set of sinusoids [67]. The analysis results in wave numbers that indicate
whether a road is more likely to have roughness due to ground waves or
high-frequency damages [68]. A second standard was introduced with the
International Roughness Index (IRI) by Sayers et al. 1982 [69]. Sayers used
the IRI to measure the longitudinal road pro le by accumulating deviations
between the sprung and unsprung masses of a vehicle at a velocity of 80 km/h
over a speci c distance (a section). This and further road condition metrics
are explained in theLittle Book of Pro ling [67].

The green color in Figure 2.2 indicates a very good rating for the road
segment, while the red color indicates a very poor rating. Case (Il) is not
further adopted in our research, though the QVM-based calculation, subject
to Publications Il to V, delivers a an elevation pro le of the road, which can
be used to calculate the described metrics.

Figure 2.2: Damage and section classi cations of a road's condition

2.3 Modeling in Vehicle Dynamics

The vehicle dynamics describes the behavior of a vehicle under the in uence
of forces, for example, those caused by cornering, acceleration, and braking
processes. Road unevenness also acts on the vehicle via forces and a ects its
behavior. Predicting the motion of a vehicle, which consists of about 10,000
individual parts, is a challenging task. In many cases, it helps to combine a
limited number of components into subsystems. Simplifying a mathematical
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model facilitates understanding in many situations or can even enable state-
ments to be made with su cient accuracy in the rst place. However, these
models are subject to limitations that are de ned by the model boundaries.
The factors a ecting vehicle dynamics can be grouped into ve categories:
drivetrain and braking, suspension and steering, distribution of mass, aero-
dynamics, and tires [70].

In order to describe the motion of vehicles, various substitute vehicle
systems focus on the target variables that must be simulated. This includes,
for example, the full vehicle model (e.g., Kruczek and Stribrsky 2004 [71]),
the single track model (e.g., Schramm et al. 2014 [72]), and the QVM [73].

As our target is to assess road condition, we build a novel modeling
approach calculating the road elevation that utilizes the QVM. This model
is particularly suitable due to the isolated analysis of the vertical forces of a
single wheel mass and the respective quarter of the chassis mass. The model
is described in detail below.

Another reason to model the quarter vehicle is the presence of the sensors
introduced in Section 2.3.2. These are able to record physical quantities
within the model and therefore operate within the model boundaries.

2.3.1 Quarter-Vehicle Model

Two di erent kinds of QVMs are reported in the literature, a multi-body sus-
pension model [74] and a simpler model with two degrees of freedom [75, 76].
Figure 2.3 displays each of these models. The multi-body suspension model
expresses the non-linear geometry of the mechanical system as well as the
dynamics in a more realistic manner. The second kind of QVM is particularly
suitable for examining vertical forces in the system. The full suspension sys-
tem is represented by the sprung(/chassis) masss, the unsprung(/wheel)
massm,, the spring-damper system, and the replacement system for a wheel,
which is also a spring-damper system. Hence, there are a total of two spring
constants s, ¢,) and two damper constants (s, d,). Due to the very small
damping in uence of the wheeld, is neglected in most research [77, 78]. The
motion of the chassis masgsptqresults from the underlying motions of the
wheel massz,tqand the elevation of the road pro lez, g Publications Il
to VI contain all steps for the realization of the calculation, including the
intersection of the masses and the di erential equations. We conduct the
parameterization of a representative design of a QVM in a laboratory setup
and in a real test vehicle (cf. Publication V).

Our QVM approach (cf. Table 1.2) is distinguished from the commonly
conducted research on the QVM in which given forces from the road pro le
z,ptqare used to calculate the behavior of the wheel and chassis masses from
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bottom to top. In contrast, we turn the computed path upside down by
acquiring sensor data for the wheel and chassis masses and back-calculating
to the road prole. In combination with the sensor technology used in the
subsequent section, we can calculate the model and obtain the road elevation
z,ptg The calculation of the QVM is described in Publications Il to V. In

the following, we introduce the utilized sensor technologies, which are located
within these model boundaries.

Figure 2.3: (a) Multi-body QVM [79], (b) simpli ed QVM

2.3.2 Sensors in Vehicle Dynamics

To enable the back-calculation of the QVM, data regarding the motion of
the wheel and chassis masses are required. Here we rely on the use of pre-
installed sensors in common vehicles: the Vehicle Level Sensor (VLS) and
the Acceleration Sensor (AS). The combined use of both sensors allows us
to calculate the elevation pro le of the road using the parameterized QVM.
Despite the fact that our research only uses the data from these sensors, we
will brie y discuss their operating principles so that the VLS and the AS do

not appear to be black boxes in the further course of the work.

Vehicle Level Sensor

The sensor is widely used to measure the front to rear tilt of vehicles, due
to the mandatory implementation of headlight range control for xenon- and
LED-based headlamps in many countries, especially those in the European
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Union [80]. The headlight range control enables adaptive adjustments of the
luminosity based on the vehicle's tilt angle in order to avoid blinding oncom-
ing tra c and to maintain the best possible vision. A further application
requiring the VLS sensor data is the adaptive chassis and suspension sys-
tem that enables vehicles to adjust their suspension system to current road
conditions [81, 82].

Figure 2.4: Vehicle Level Sensor: Rotatable lever and xed base housing

The housing of the VLS contains a Contactless Inductive Position Sen-
sor (CIPOS) that consists of two essential parts, the stator and the rotor.
The stator consists of the Printed Circuit Board (PCB) and an electronic
assembly in which the exciter and receiver coils are shaped as PCB traces.
The electronics for evaluation as well as the interface to the control unit are
located in the electronic assembly. The rotor is a trace formed in a specic
geometry, as illustrated in Figure 2.5. An alternating current ows perma-
nently through the excitation coils and thus generates an electromagnetic
eld which reaches the traces of the rotor. The induced alternating current
in the rotor then induces a second electromagnetic eld, and both electro-
magnetic elds act on the three receiver coils located on the stator and induce
an alternating current that is dependent on the rotor position. Due to the
excitation coil's geometry, the rotor's induction is independent of the posi-
tion angle inside the case. In contrast, induction in the receiver coils depends
on the rotor distance and thus on the angle of the sensor level position (cf.
Figure 2.4). The electronic assembly is responsible for the calculation as well
as for the signal processing of di erent interfaces (e.g., PSI5, Pulse-Width
Modulation (PWM)).

The VLS is mounted on the chassis mass and the wheel mass with one x
point at the body of the VLS and one at the lever. The mounting geometry
allows the o set of the chassis and wheel masses to be determined based on
the lever position. Thus, the VLS measures the displacement between wheel
and chassis mass in real-time based on the angle generated in the CIPOS.
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Figure 2.5: Design of the Contactless Inductive Position Sensor (CIPOS) [83]

Acceleration Sensor

Micro Electro Mechanical System (MEMS) ASs are commonly used in the
spring-damper system of modern vehicles. MEMS techniques create mechan-
ical sensing micro structures that are often based on silicon. When paired
with microelectronic circuits, MEMS sensors can measure physical quantities
such as acceleration [84]. ASs are usually mounted at the wheel mass and
frequently at the chassis mass and are utilized for active chassis control sys-
tems. They generate data for active shock absorbs which allows the driver
to utilize various driving styles (sport, urban trac, etc.). The ASs used
in vehicle dynamics must operate in low-power with a reasonable accuracy
while being robust in harsh environments [85]. Publication V delivers fur-
ther information on the AS used in our QVM-based calculation of the road
elevation.

In our test vehicle, the AS ts in a 3D printed housing, mounted with
a pipe clamp on the axle rod of the wheel mass (Figure 2.6). The inner
attachment in the housing compensates the angle of the axle rod to enable
one direction of the AS to fully measure vertical acceleration.

Figure 2.6: Mounting of the AS's housing (yellow box) at the wheel mass
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2.4 Deep Learning in Object Detection

This section is intended to provide the research background regarding the
adopted DL notations, concepts, and algorithms. The central theme is the ex-
ploratory study of DL models and their performance in the detection of road
damages and their severity. We outline the building blocks of Convolutional
Neural Networks (CNNs) for object detection, which are primarily explained
in CV. Section 2.4.1 and 2.4.2 lead over to our application, the detection
of road damages. Here we explain the DL algorithms FRCNN and YOLO,
which are applied in Publications I, VII, VIII, and IX.

DNNs are a speci c class of Arti cial Neural Networks (ANNSs) that are
inspired by the visual cortex of humans and consist of a collection of con-
nected cells [86, 87]. These cells are called neurons, and each of them pro-
cesses the sum of incoming signals using a de ned, often non-linear function
before passing on the output (e.g., Figure 2.7). Equation 2.1 displays the
heavyside step function that transforms to zero any incoming signals that
are less than or equal to zero and transforms to one any that are above zero:

1, xij O

PO om0 (2.1)

Neurons of the same depth are aggregated in layers that perform di erent
transformations on the input signals and thus are responsible for ful lling dif-
ferent tasks according to the use case. The connections between the neurons
are called weights and represent the strength of the signal. A higher strength
leads to a bigger impact of the connection in the output of the DNN.

DL is a subset of ML and is largely based on ANN. The success of ANN
in object detection is due to the rapid development since the introduction of
AlexNet in 2012 where the CNN solution surpassed hand-crafted ML solu-
tions in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
[88]. Improvements in computation power have also enabled the application
of this demand-heavy technology [89]. ANN utilizes a large amount of data
for training rather than expert knowledge of rule-based solutions, which is
why transparency is not always granted and has increasingly become a sub-
ject of investigation [90].

DNNs are a speci ¢ kind of ANNs with multiple layers between input and
output layers, for which reason they are also referred to as \deep”. The layers
in between are called hidden layers. Every neuron has a bias that is added
to the sum of inputs and acts as a sort of o set. As training proceeds, these
weights increase or decrease the strength of signals, leading to adjustment of
the biases.
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Input Hidden Output
layer layer layer

Figure 2.7: Example structure of a simple ANN with input layer, hidden
layer, and output layer

The network has to be trained over time from training data to learn the
suitable weights and biases for a given task. The model presents a subset
of the available data as a training set, and the rest is kept separate for
validation and testing purposes. In the beginning, all weights and biases are
initialized randomly, and with each training step, they are corrected to better
t the desired output. The di erent weights and biases in uence the outputs,
and the errors are calculated using the gradient of the cost function, which
incorporates the weights and biases. This method is called backpropagation
[91]. This gradient is also used for the gradient descent. Various optimization
algorithms can be used, each with its own set of advantages and disadvantages
[92]. However, on high-dimensional data, common gradient descent with no
modi cations struggles to converge; therefore, further adaptations have been
introduced to develop new techniques as Stochastic Gradient Descent (SGD)
with momentum [91] or Adaptive Moment Estimation (Adam) [93].

CNNs are a subcategory of ANNs that are used to create most modern
object detectors [94]. With the introduction of AlexNet [95], the authors
achieved a considerable performance boost in the image classi cation chal-
lenge ImageNet [96]. As a result of this achievement, CNNs may now replace
hand-crafted feature extractors in image classi cation and object detection
processes. Advances in computational power and data availability [97] have
further enabled CNNSs to improve in recent years.

The essential parts of the CNN are the convolutional layers. An input, in
our case an image, becomes increasingly abstracted in deeper layers, resulting
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in a features map that represents the input image. These layers perform the
binary operator called Frobenius inner product, that takes two matrices and
returns a number as illustrated in Equation 2.2 of the convolutional kernal
B and part of its input matrix A.

xA;By: ~ AyBj (2.2)
ij

The size of the kernel de nes the input of a neuron by its restricting area
(called receptive eld). These shared weights of one kernel across a layer
of neurons result in a translation equivariant feature map [98]. The stride
s de nes the step size of the convolutional kernel, which is used to slide
over the image to create a feature map. A stride 1 preserves the input
dimensions, whiles 2 would downsample the input to (.

Pooling layers are commonly used to reduce the data dimensions and are
frequently located in CNNs. Pooling layers use clusters to combine the inner
values to one neuron. In practice, max pooling, in which the largest number
of the cluster is transferred to the subsequent neuron, and average pooling, in
which the average of the cluster is transferred, are most commonly applied.

Hereafter we detail two popular and cutting-edge CNN frameworks, the
multi-stage FRCNN (Section 2.4.1) and the single-stage detector YOLO (Sec-
tion 2.4.2).

2.4.1 Faster R-CNN Algorithm

The FRCNN algorithm contains two individual modules. The rst module,
Region Proposal Network (RPN), is a CNN with the task to generate region
proposals with an objectness score. Each proposal is recognized as a Region
of Interest (Rol). A Fast R-CNN [99] is the second module and investigates
the Rols. Both modules share computation via a common set of convolutional
layers. FRCNN is considered as a DNN with attention [100], with the RPN
suggesting the Fast R-CNN to investigate the Rols.

The shared convolutional layers are responsible for the feature map of
the original input, and utilized by the RPN. It creates k, anchor boxes
each position, while a classi cation layer derives 2k scores including the
presence of an object and a regression layer calculatesk4as the bounding
box coordinates. The anchor is placed at the center of the sliding window,
going over the feature map. Every anchor is associated with a scale and an
aspect ratio. This method ensures translation invariance for the proposals
and detections, and multi-scale anchors eliminates the need for feature maps
of di erent sizes and aspect ratios [101, 102] to identify objects of di erent
scales and proportions.
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Only anchor boxes with a high enough overlap with the ground-truth
boxes are counted as correct predictions. To measure this, the Intersection
over Union (loU) is needed, which is the division of area of overlap by the
area of union. With predicted boxA and ground-truth box B, the loU is:

|AX B|
AY B|

loU (2.3)

Anchors achieve a positive label if they have the highest loU with a ground-
truth box or if the IoU is greater than 0.7. They achieve a negative label
with an IoU of 0:3 or lower. Every other anchor is not considered for the
calculation of the loss. The Loss function for the RPN is de ned as:

b P Lreg Fis 1 O (2.4)

L ptpiy; ttjuq
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wherei denotes the index for anchors in a mini-batch ang, the probability
for being an object. Ground-truth labelsp, are 1 if the anchor is positive
and O if negative. With these parameters a log loss over two clasdegs
is computed and normalized with the mini-batch sizeNs. Bounding box
coordinates are represented in the vectdy, with ground-truth coordinates
for positive anchor ast; . The regression los§ g from [99] is only activated
for a positive anchor ¢, 1) and is normalized with the number of anchor
locations. To roughly equal out the impact of both loss functions, 10 is
chosen, because of the di erent values for the normalizing terms.

Mini-batches are created from single images to train the RPN. Each mini-
batch consists of 256 randomly sampled anchors (using all anchors would
bias toward negative samples, which are dominant). The ratio of positive to
negative samplesisupto 1: 1.

A Fast R-CNN takes an image and a set of object proposals as an input.
With the assistance of a CNN, the image gets processed and a feature map
is created. This step is performed by the shared convolutional layer in the
Faster R-CNN architecture. The ZF model from Zeiler and Fergus [94],
which has ve shareable layers, and the VGG16 model from Simonyan and
Zisserman [103] with 15 shareable layers were originally tested and used for
this purpose.

The object proposals are generated by the RPN, and for every proposal a
Rol pooling layer extracts a feature vector from the feature map. Rol pool-
ing is a special case of the spatial pyramid pooling layer [101] that includes
sub-window calculation. The proposals are fed forward into a sequence of
fully connected layers that branch into two sibling output layers. One com-
putes a softmax probability estimate ovelK objects plus a background class,
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Figure 2.8: Faster R-CNN as a single network for object detection with an
attention mechanism [99]

generating a con dence score for every possible object. The other outputs
four coordinates for the location of the object.

A softmax function transforms all components of a1 -dimensional vec-
tor z into the value rangep0; 1g which allows them to be summed.
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A combination of the two modules works and detects like one single net-
work structure. The structure of a Faster R-CNN can be seen in Figure 2.8.

2.4.2 YOLO Algorithm

Contrasting the two-stage FRCNN framework, YOLO operates in a single
stage. YOLO considers object detection as a regression problem of bounding
boxes and associated class probabilities. YOLO has been evolving since
its invention in 2016 [104], and due to its great success, both o cial and
uno cial versions have since then been released. In this dissertation we use
YOLOv4 [105, 106] in Publications | and VIII and YOLOvV5, an uno cial
version by Glenn Joche, in Publication IX. The latter v5 version is a parallel
development to YOLOv4 with marginal di erences in detection performance
and runtime.
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The great attention paid by other scientists to the YOLO framework
is due to the fact that, in contrast to previous state-of-the-art frameworks,
no RPN is required (cf. FRCNN). As detailed above, Rols in the image
previously had to rst be proposed and then followed by a classi er that
runs over these regions. Subsequently, duplicates had to be removed via
postprocessing. Instead of iterating the process of classifying di erent regions
of the image, the YOLO framework computes all the image features. By
making predictions for all objects at the same time with a single NN of
multiple CNNs, YOLO predicts vectors corresponding to each object in the
image.

The processing steps of YOLO are illustrated in Figure 2.9. Entire images
are divided into aS S grid (default: 7 7). If an object is located in parts
or in a grid cell, it is responsible for its detection. Bounding boxes are
predicted simultaneously over all classes for each grid in the image, including
a con dence score. The con dence score re ects the probability of an object
being in the calculated bounding box, as shown in Equation 2.7.

con dence score Prpobjq loUp,: (2.7)

P rpobjgre ects the probability of an object being in the cell, while Iotgfe‘i,
is the intersection over union of the predicted box. When it is necessary to
detect more classes of objects, & S pB 5 Cqtensor of class specic
con dencesP rpClass | objqis created from each cell.

PrpClass | objg Prpobjg loUgs  PrpClassg loUgs, (2.8)

Besides the con dence scores, each bounding box additionally is de ned
by the center coordinategx; yqof the box as well as the heighh and width
w. In total, ve parameters correspond to each bounding box [104].

The YOLOv1 framework essentially consists of the Darknet architectufe
and two following fully connected layers. The Darknet architecture can be
either 24 convolutional layers for normal-YOLO or 9 convolutional layers in
fast-YOLO depending on the complexity of the object detection task.

The loss functionL ., includes three parts, being the bounding box loss
Lun the objectness lost o, and the classi cation lossL s (cf. [104]). For
more information on the individual losses, see Redomn et al. 2016 [104].

Lyoo Lob Lobj Luas (2.9)

With the introduction of YOLOv2 [107], batch normalization was estab-
lished as a feature improve the training of DNNs by stabilizing the distribu-

2Darknet and Scaled-YOLOv4 Framework: https://pjreddie.com/darknet/
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Figure 2.9: YOLO decision making process, including 77 grid cells [104]

tion of the input layers [108]. Batch normalization reduces the training time,
increases generalization and make dropouts to prevent over tting unneces-
sary. A new Darknet architecture was introduced with Darknet-19 including
19 concolutional layers and ve max pooling layers for improved detection
performance and runtime.

YOLOV3 [109] establishes a new network part between the backbone and
head, named the neck (cf. Publication IX). The neck is responsible for feature
extraction of di erent scales from the backbone, similar to a Feature Pyramid
Network (FPN) [110]. Darknet-19 is replaced by Darknet-53 which consists of
53 convolutional layers and shortcut connections, delivering improved results.
Graphics Processing Units (GPUs) can be better utilized with the novel
network structure [109]. YOLOv4 and YOLOVS5 are detailed in Publication
VIIl, and Publication IX respectively.

2.4.3 Datasets and Labeling

In this section, we illustrate the two datasets used in this dissertation, road
images and any damages. We address the labels, the characteristics of the
images, and the placement of the camera in the vehicle as well as the di er-
ences in the datasets.
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Figure 2.10: Road damages drawn from the example images in Appendix A

Road Damage Dataset 2020

The RDDS was the data basis of the IEEE GRDD€2020 and builds on pre-
vious datasets from Japan [66, 111]. It includes images of roads from Japan,
India, and the Czech Republic. The GRDDC divided the data into three
groups, one for training and two iterations of test sets to evaluate the results
of the challenge participants. Only the training data was released with dam-
age annotations according to the Japanese Road Maintenance and Repair
Guidebook 2013 [65], also proposed in Maeda et al. 2018 [66]. Table 2.1
displays the annotation classes of the guidebook, although the GRDDC in-
cludes only four classes D0OO (longitudinal cracks), D10 (lateral cracks), D20
(alligator cracks, and D40 (potholes). The other annotation classes are not
considered to be signi cant road damage and di er greatly from country to
country, which makes them less applicable in DL [24, 24]. Section 2.4.3 dis-
plays an aligator crack, a longitudinal crack and a pothole drawn from the
RDS. In Appendix A full scene of di erent damages are displayed in various
countries representative for the ADS.

Figure 2.11 shows the number of damages in the training set for each
class. With a total of 8381 damages, aligator cracks are the most common,
followed by longitudinal cracks (6592), potholes (5627), and lateral cracks
(4446).

A smartphone is mounted on the windshield in the inner cabin of the
vehicle to capture images of the road ahead. The majority of the images
have a resolution of 600 px 600 px at a frame rate of 1fps. The images in
India are captured in 720 px 960 px and resized to 720 px 720 px to gain
a squared aspect ratio. About 50% of the damages are located in Japan, 37%
in India, and 13% in the Czech Republic.

The data annotation enables a dataset to be used in CV. Bounding boxes

30 cial IEEE GRDDC website: https://rdd2020.sekilab.global/
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Table 2.1: Road damage classes according to the Japanese Road Maintenance

and Repair Guidebook 2013 utilized in Maeda et al. 2018 [66]

Damage Type Detail Class Name
- Wheel-marked part D00
Longitudinal —
. Construction joint D01
Linear Crack .
Crack Lateral Equal interval D10
Construction joint D11
Alligator Crack Partial pavement D20
Pothole D40
Other Damage Manhole Cover D50
Storm Drain D51

over individual damages mark their location in the image. A damage is fully
annotated when de ned with a class label and the bounding box coordinates,
being Xmin » Xmax s ¥Ymin » and Ymax -

The RDDS is employed in the Publications VII, VIII, and IX of this
dissertation. In Publications VIII and IX, it is applied in conjunction and
comparatively with the ADS explained in the following.
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S 06/ 5627
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Figure 2.11: Distribution of road damage classes in the Road Damage Dataset
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Automotive Dataset

The videos from which the images for ADS are derived were captured by
HELLA Aglaia Mobile Vision GmbH and were entrusted to us for the purpose
of RDD. The frame rate of the videos is 30fps, and we extract three images
a second from the videos for labeling. Due to the research setting of the work
in the E-LAB of HELLA GmbH & Co. KGaA, the dataset is not publicly
available.

It contains 10,421 images from Germany (40%), the USA (28%), the
United Kingdom (10%), South Korea (10%), Poland (4%), France (3%),
Latvia (3%), and Finland (2%). An automotive-grade camera from Sony
Corporation was used to capture the images in 3504 px 1072 px resolution.
The camera is installed ush with the windshield and oriented at the scene
in the direction of travel.
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Figure 2.12: Video sequences from which the images of the ADS are derived
with regard to their country of origin

We completed the image labeling ourselves. Based on our previous re-
search and work with the RDD dataset in Publication VII, we were able to
label subjectively better in comparison, but we did not nd a way to quantify
this statement. Besides the above mentioned classes of the GRDDC, we ad-
ditionally labeled longitudinal construction joints (D01), lateral construction

58



joints (D11), manhole covers (D50), and storm drains (D51). Figure 2.13 dis-
plays the quantity of all classes used in our research in cyan and the classes
left for future work in red (cf. Future Research). Construction joints (D01,
D11) are the classes that occur most often. Of the annotations we use, lon-
gitudinal cracks occur most frequently with a number of 3693. The other
three classes, D10, D20, and, D40 range between 1500 and 2000 occurrences.

In addition to the higher resolution, these images are of much better qual-
ity than those in the other dataset. No dirty windshields are recorded and the
angle to the road is also improved. The data set is of critical importance to
the development of AV-tailored DL algorithms that are capable of detecting
road damage.
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Figure 2.13: Quantity of all damage classes in our self-labeled ADS, including
those used in our research (cyan) and those for future work (red)
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Chapter 3

Contributions

Regarding a fatality in context with Tesla's autopilot in 2016, Mary Cum-
mings, professor at Duke University and director of the Humans and Auton-
omy Laboratory, stated that AVs are \absolutely not ready for widespread
deployment.” To date, many elds of application for autonomous driving
systems have been introduced, but we still agree with the statement made
ve years ago, as a widespread use is given when AVs have a lasting impact
on people's mobility in their daily lives. This has not yet been achieved.
Instead, AD is gradually being introduced in scenarios of limited complexity.

\These accidents are inevitable because the technology really has not
been tested across the wide span of people and road conditions."

Mary Cummings, Professor at Duke University, 2016

All contributions of this dissertation share the common goal to improve
AD regarding safety and comfort by appropriately detecting road damages
and consider them in vehicle motion planning. As a result of the applied
research topic, the theoretical contributions lead to practical implications
in most cases. We highlight speci c areas where this deviates. In the fol-
lowing, we describe our contributions in detail to answer the RQs raised in
Section 1.3.

The rst contribution of this work is the end-to-end concept that utilizes
on-board sensor technology to detect road damages, which can be put to
immediate use in the VMPS. Our approach, detailed in Publication I, rep-
resents what we believe to be a necessary level of integration, through the
sensor fusion of Arti cial Intelligence (Al) and analytical methods. Often,
time-to-market is much more important for the success of products and fea-
tures than is the quality of the solution, which is a danger in our use case if
we, for example, solely rely on Al to be quickly applied [112]. Our end-to-end
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concept therefore o ers a lightweight solution that requires no new hardware
components to be implemented and, through utilization of the QVM, deliv-
ers more safety by validating detected damages. Proposing the concept, we
provide a contribution to theory with direct implications for practice.

The second part of the contributions deal with our technology inventions.
We propose technology to successfully detect road damages from a moving
vehicle. We answer RQ1 by developing a novel model-based calculation of the
QVM, utilizing the VLS and an AS. Both sensors are pre-installed in modern
vehicles and are, in combination, capable of detecting road conditions. Only
additional software is required. The model-based calculation of the QVM
that is used to measure road elevation is described in Publications Il to
V. Additionally, Publication VI elaborates on the use of the VLS and AS
to detect potholes, speed bumps and distinguishes between di erent road
coatings, such as concrete, asphalt, and gravel, by utilizing classic ML. The
novel approach is a contribution to the theory, since based on the quarter
vehicle no road heights have been calculated using the VLS. The use of the
VLS allows engineers to measure road conditions by vehicles in daily use.
The practical implications for vehicle safety and infrastructure planning are
manifold.

For the second technology to detect road damages, we, like many others,
apply CV using DL with front-facing automotive cameras in the vehicle,
answering RQ1 through a di erent approach than those used in previous
studies. We were able to improve the training of the DNNs by e ectively
applying modern DL tools to the use case. The inuences of individual
tools (e.g., Data Augmentation (DA), Test Time Augmentation (TTA), and
Hyperparameter Evolution (HE)) are analyzed and evaluated with regard to
the impact on detection performance and on the runtime of the models based
on the results reported in Publications VII to IX.

AVs require lightweight detection algorithms because a large number of
tasks have to be performed in parallel in the VPS and powerful hardware
is a strong energy consumption and cost driver. Our proposed algorithms
evolved to become increasingly applicable between Publications VII to IX
and are valuable contributions to RQ2, focusing on the applicability of Al on
edge devices. Our contributions to theory can be applied to other application
domains. Finding a sweet-spot between performance and runtime is of great
relevance for many applications, which is why we have given a comprehensive
overview of how to execute DL training in Publication IX, which brings
numerous advantages for practitioners. Our expectation is that this analysis
will assist developers in other domains with optimizing their models.

While research focuses on detecting road damages, the classi cation of
the severity have not been addressed in DL. We contribute two approaches
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on how to assess damage severity utilizing DL in Publications | and VIII.

The use of the ADS, our self-labeled dataset of more than 10,000 images
(cf. Appendix A), in DL o ers many bene ts when applied in AD. Despite
the signi cant e ort involved in labeling such a high number of images, the
object detection performance of DNNSs is closely related to the quality of the
training data. We present the notable impact of new data in Publications
VIl and IX. The selection of di erent tra ¢ scenarios, daytime, and weather
conditions in the ADS further increases the generalizability. In this way, we
contribute to research by demonstrating the great in uence of the dataset on
the performance of object detection.
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Chapter 4

Limitations

Designing technology, proposing concepts, or building frameworks imposes
limitations that are always related to the utilized research method and design
itself. An obvious but nevertheless major limitation of all the publications in
this thesis was the lack of time. The topics that would have been desirable
to investigate further are listed in the next section, Future Research.

All models are always simpli cations of the reality. Limitations result
from the model boundaries. Although model boundaries are desired, often
to constrain the complexity of a technology or issue and thereby make it
calculable, the limitations must be made transparent.

Below, we separately discuss the limitations for the QVM-based calcula-
tion and those for CV approaches. Afterwards, we explain the limitations of
the end-to-end (E2E) concept proposed in Publication I.

QVM.1. The isolated analysis of the quarter-vehicle is a limitation of the
approach, as the in uences of the remaining three quarters of the vehicle on
the sprung mass are not taken into account.

QVM.2. In our modeling, the test vehicle and the laboratory demonstrator
are parameterized. This includes the vehicle and wheel mass, as well as spring
and damper constants. As vehicles age, these parameters change, sometimes
considerably (e.g., tires). We do not take this into account.

Despite the acknowledged limitations, the elevation pro le qualitatively
and quantitatively (including errors) represents the prole and strives for
pragmatism over truth [26].

Object detection in CV includes limitations of a general nature and spe-
ci ¢, framework-dependent limitations. We acknowledge these in the follow-

ing:
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CV.1. In principle, DNNs can only be as good as the database on which
they are trained. This applies especially to our use case, as two-thirds of the
training data consists of the RDDS provided from the GRDDC. Though, we
are grateful for the public dataset, the image quality su ers from rather poor
viewing angles, dirty windshields, missing variance of weather conditions,
and in parts, poor label quality. In addition, the resolutions of the smart-
phone cameras used are very di erent from our automotive-grade cameras.
We acknowledge that these preconditions are not ideal, which negatively in-
uences and limits the results. By adding our ADS (cf. Section 2.4.3 and
Appendix A), we were able to achieve improved results and lay the founda-
tion for further optimization.

CV.2. Despite signi cant research e orts to improve object recognition, it is
assumed that 100% object detection cannot be realized. This is especially
true when developing DL models that have to run under limited resources
and therefore require trade-o s between detection performance and runtime.

The proposed end-to-end concept in Publication | is a valuable contri-
bution because it combines CV-based RDD and QVM-based RDD to be
applied for increased e ectiveness. However, as the word \concept” implies,
it is still a rst approach that needs to be shaped. Further, the interfaces
of the components need to be de ned. This results in the following three
limitations:

E2E.1. Despite the proposed concept being end-to-end, the details given for
implementation are quite low regarding the aggregation components (cf. C3
and C4 in Publication 1). Our pragmatic approach of DSR resulted in a
T-shaped research structure: a high-level end-to-end concept and in-depth
algorithm designs for C1.

E2E.2. The implementation of the road damage features designed for the
HD Feature Map remains unclear regarding the exact semantic structure of
the HD Feature Map in the vehicle and online.

E2E.3. The sensor fusion of the QVM and CV approaches to calculate the
damage type, severity, and location is not designed to the end. This includes
whether a detected damage is passed through to be evaluated by the QVM
approach.
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Chapter 5

Future Research

Many di erent adjustments, tests, and experiments were left for future re-
search, as the experiments carried out in this work are very time-consuming.
This a ects both approaches for detecting road conditions with the model-
based calculation (Publications I-VI) requiring vehicle conversion, signal pro-
cessing, sensor data ltering, and real-world testing. In our CV-related re-
search (Publications VII-1X), high time expenditures occurred in training
and the labelling process of new data in particular.

With regard to the QVM approach, investigation of the following topics
will lead to an improvement of the approach and an optimized application
in vehicles.

QVM.1. An automatic detection of road damage from the obtained elevation
pro le of the QVM-based calculation. In this context, it is necessary to
investigate how crowd sourcing can compensate for measurement errors, as
each drive will pass through a damage di erently (e.g., centered, touched).

QVM.2. A comparison of analyses of other vehicles with di erent QVM pa-
rameterizations using the model-based calculation should be performed to
prove similar outcomes. Deviating outcomes could be assessed to improve
the model design by disclosing in uences that lead to measurement errors.

QVM.3. A segment-by-segment evaluation of road sections on the basis of
the calculated elevation pro le. It would be particularly exciting to exchange
ideas with and receive input from infrastructure planners in order to de ne

a target for a platform that is fed from our QVM-based calculation of road
conditions (this also includes dealing with crowd data).

In the eld of CV technology, especially in object detection of road dam-
ages using DL, the following topics are of particular interest to us:
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CV.1. The addition of further damage classes or other classes often associ-
ated with misclassi cation of damages (e.g. construction joints, fading road
markings) in training. This could potentially avoid misclassi cations of such
elements when they are labeled alsackgroundin the training data. If a
DNN has a higher con dence that a manhole cover is a pothole as opposed
to background adding the classmanhole covercould make the con dence
for this class even higher than for potholes, thus preventing misclassi cation
(diversi cation of the feature space).

CV.2. At present, we use individual images, but in the vehicle we do have
sequences of images that are related to each other, because we are driving
toward damages. It would be exciting to use Long Short-Term Memory
(LSTM) networks to predict future positions of initially detected damages.

If damages recurrently occur in the expected area, the presence of the damage
should be marked with a higher con dence, thus increasing the likelihood of
immediate use in the VMPS.

CV.3. Currently, the application of the YOLO frameworks for our use case
leads to impressive results. Transfer Learning (TL) seems to be very power-
ful. Despite our failed attempts, not discussed in this dissertation, to develop
a speci cally designed DNN for the use case, a DL model redesigned from
scratch should still be a future topic of investigation.

Apart from the two RDD approaches, potential research topics open up at
a higher level of abstraction. The application domain demands an end-to-end
concept including solutions for RDD and RDS classi cation:

E2E.1. Lightweight semantics that can be implemented with su cient granu-
larity to account for road damage in the HD Feature Map should be discussed
and developed as a standard.

E2E.2. The aggregation of road damages in the cloud, transmitted by a
large number of vehicles, as \many to one" algorithms will be studied and
researched. Here, special attention must be paid to the case of damage repairs
by infrastructure works.

E2E.3. At the edge level in the AVs, the aggregation of predictions from the
CV algorithms and actual QVM-model calculations must be realized in a
central processing unit (C3 in Publication 1).

E2E.4. For a successful integration of the features, the cost functions in the
VMPS of the high-level (route) and low-level (behavior, motion) have to be
adjusted. The in uence on the planning tasks has to be evaluated depending
on the type of damage and its severity and tested in eld studies.
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Abstract

While autonomous driving technology made signi cant progress in the last
decade, road damage detection as a relevant challenge for ensuring safety and
comfort is still under development. This paper addresses the lack of algo-
rithms for detecting road damages that meet autonomous driving systems'
requirements. We investigate the environmental perception systems' archi-
tecture and current algorithm designs for road damage detection. Based on
the autonomous driving architecture, we develop an end-to-end concept that
leverages data from low-cost pre-installed sensors for real-time road damage
and damage severity detection as well as cloud- and crowd-based HD Feature
Maps to share information across vehicles. In a design science research ap-
proach, we develop three artifacts in three iterations of expert workshops and
design cycles: the end-to-end concept featuring road damages in the system
architecture and two lightweight deep neural networks, one for detecting road
damages and another for detecting their severity as the central components
of the system. The research design draws on new self-labeled automotive-
grade images from front-facing cameras in the vehicle and interdisciplinary
literature regarding autonomous driving architecture and the design of deep
neural networks. The road damage detection algorithm delivers cutting-edge
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performance while being lightweight compared to the winners of the IEEE
Global Road Damage Detection Challenge 2020, which makes it applicable
in autonomous vehicles. The road damage severity algorithm is a promis-
ing approach, delivering superior results compared to a baseline model. The
end-to-end concept is developed and evaluated in and with experts of the
application domain.

.1 Introduction

AVs are on the verge of being introduced into our daily lives. While many
steps have been taken towards the goal of full automation in recent decades,
several technical problems related to functional safety [1] and socio-economic
issues remain unsolved, primarily in the eld of Al [2].

Al claims to have a transformational in uence in Information Systems
(ISs) across sectors and industries, accelerating "as people get used to the
reduced human element in all levels of society and the increased use of au-
tomation" [3]. As a result, the development of ISs is increasingly intertwined
with the development of Al algorithms.

Leading car manufacturers already o er systems involving Al that are
far ahead of human-guided driving in terms of safety (S). \People are so
bad at driving cars that computers don't have to be that good to be much
better", stated Andreessen in 2011. However, despite AVs being safer, AD
systems systems are not yet widely available on the market, as much of the
intelligence is based on learned knowledge and thus cannot easily deal with
unexpected situations | situations not present in the training data [4].

The AD task can be divided into two sub-areas: recognition of the envi-
ronment (perception system) and the motion of the vehicle in this environ-
ment (decision-making system, [5]). Levels of AD range from no automation,
level O, to full automation, level 5 [6]. As the level increases, the involvement
of the human decreases, while responsibility of the AD system increases.
AD functions of various automation levels require representations of the real
environment to navigate based on the situation. Perception algorithms are
used to create an environment model, represented by HD Feature Maps.

According to [7], the detection of the road surface has already been an es-
sential part of environment detection in the development of Advanced Driver
Assistance Systems (ADASSs), automation level 1{3, and is even more im-
portant with increasing automation [8]. The condition of the road plays a
decisive role in this regard. Subjects of investigation include the type of road
coating (e.g., concrete, cobblestone, asphalt), the weather conditions on the
road (e.g., dry, wet, icy), and signi cant road damages such as cracks and
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potholes [7, 9].

As in manual driving, information about road conditions will be required,
especially considering poor infrastructure in developing countries and even
high-tech countries such as the USA. Claims amounting t$217 billion per
year alone are connected to poor road conditions in the USA. 42,000 deaths
occur each year, with road conditions being the cause or at least a factor
in 52% of the cases [10]. The vehicle's mechanical components are subject
to greater wear and tear in bad conditions, which accounts for a signi cant
portion of the costs. AVs have to deal with aging and dilapidated road net-
works, because the global infrastructure is unlikely to improve in the coming
years. To ensure that countries with poor infrastructure also experience the
positive e ects of AD on society, the vehicle must actively respond to poor
conditions, especially signi cant road damages.

Car manufacturers seem not to be concerned with poor road conditions
yet as early mass-produced AVs will o er AD only in scenarios of low com-
plexity such as highways with a tendency to good road quality. However, in
response to a Twitter user, Elon Musk, the CEO of Tesla, replied in 2020,
\We're labeling bumps & potholes, so the car can slow down or steer around
them when safe to do so". Despite early solutions with a low level of in-
tegration into the AD task such as the Volvo's Hazard Light Alert (2016)
and Slippery Road Alert (2019) [11], no end-to-end solution yet exists in re-
search and industry to tackle road damages in AD. In addition to the impact
on AD, the monitoring of road conditions for road maintenance is of great
importance due to its high economic impact on society [12].

Previous IS research in the domain of road damages dealt with decision
support systems for road agencies [13]. In contrast to systems that support
people, we are engaged in systems for systems in order to improve automation
and thereby increase the still missing acceptance [3].

Academia though primarily discusses single technical solutions for a lim-
ited problem (e.g., object detection, segmentation) rather than a holistic ap-
proach to how road conditions can be utilized to actively support AD. The
impact of RDD algorithms proposed in research remains mostly unexplained
on AD (cf. section Theoretical Review). Original equipment manufacturers
are less and less willing to add new hardware components for new features in
the vehicle as this development has already been a major cost driver in recent
decades. A low-cost solution is therefore being sought to reliably detect road
conditions and classify their severity (RDS), if possible using existing sensor
systems.

We strive to develop an end-to-end and low-cost concept that enables
AVs to detect road conditions and properly act according to them. Due to
our ambition for a practical contribution, we refer to the DSR paradigm.
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Supported and validated by expert workshops, we address the following re-
search objectives with the focus on creating added value in a targeted and
application-oriented manner:

1. We strive to propose an end-to-end concept that enables AVs to account
for road damages in their motion planning task while making use of
built-in sensor technology.

2. We strive to develop novel modules for RDD and RDS classi cation
applicable in the end-to-end concept for AD.

.2 Theoretical Review

Approaching the objectives from an information system's perspective is of
great benet since an end-to-end solution must be embedded in the actual
process of dealing with environmental data in AD. As a solution consist-
ing of many components with application in the AD architecture, we must
de ne an \as it is" architecture based on leading research so that we can
explain the e ect of the components regarding the architecture. AD requires
complex and high-tech modules that interact with each other to succeed
driving autonomously. Due to their great relevance for our concept of an
end-to-end solution of utilizing road damages for AD, we will rst discuss
the Autonomous Driving System and especially the Environment Modeling
in the next subsections.

Subsequently, we will cover two approaches of recognizing road damages,
one to predict road damages ahead of the vehicle and another to validate the
damages according to the vehicle feedback caused by the damage. Following
our motivation, the technical concepts of both approaches merely require the
use of pre-installed vehicle sensors.

Figure 1.1: Vehicle Planning System for AD according to [14]

[.2.1 Autonomous Driving System

AD has undergone many developments in the last 30 years. Although the rst
AVs were developed in the 1980s [15], vehicle automation continues to be a
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mayjor area of research. Most driving scenarios are relatively simple and have
already been realized by early prototypes, but solutions to borderline cases
in an arbitrarily complex world have proven to be elusive. A 99.9% safety
rate is not su cient in an application that is critical to one's life and the
lives of other road users. Hence, research in this area is expected to continue
even if the products are already on the market. AD systems in academia
and industry dier in design and complexity but all share a division into
perception and decision-making systems [5].

The perception system is responsible for self-localization and recognition
of the environment. Typically, on-board sensors, including camera, LIDAR,
RADAR, and Global Positioning System (GPS) sensors create an ad-hoc
model of the surrounding environment, including but not limited to the road
network, the tra c situation, pedestrians, and tra ¢ signage/lights.

The decision-making system is responsible for the navigation of the vehicle
within the environment. It manages the navigation task of the passenger,
starting from the initial position and considering established tra c rules and
the safety of all tra c participants while providing a comfortable driving
experience [5]. The decision-making system executes multiple planning tasks
to appropriately evaluate the vehicle's route, path, behavior, and motion.
As AVs advance toward realistic road tra c, they will be confronted with
road scenarios in which the dynamics of other road users must be explicitly
considered. These situations include everyday driving maneuvers, such as
merging into the ow of tra ¢, overtaking oncoming tra c, changing lanes,
or avoiding other vehicles.

Cost functions are ideally suited to solve this problem. With the help of a
cost function understandable and representative for humans, the forecasted
tra c scenarios can be evaluated and the best trajectory can be selected
based on the lowest cost [16]. In most cases, safety, compliance with tra c
regulations, comfort, and route e ciency play a decisive role in the order
of listing [17]. In their survey, [14] de ne the hierarchy of decision-making
processes.

Route Planning, also called high-level path planning, performs the selec-
tion of a route through the road network, from the initial position to the
desired destination. Optimal route planning is formulated as the search for a
minimum-cost path on a road network, while the crossing of a road is always
charged with a speci c cost based on the road's properties. The optimiza-
tion problem is addressed in many scienti ¢ studies, distinguishing between
human-driven and self-driving vehicles [18]. The architecture of the road
network is described in detail in the Environment Modeling section. A pre-
requisite for route planning is up-to-date information about the road network
and the capacity to utilize this information.
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Behavior Planning is the rst part of the low-level path planning and
takes place within the selected route. The general task involves executing
maneuvers according to tra c rules and behavior conventions to pass through
the route. The selection of maneuvers is based on the underlying road and
lane network and the current tra ¢ situation [19], considering other road
users, obstacles, and infrastructure signage. The real-time data must be
obtained from the vehicle's perception system. Possible maneuvers include
maintaining a lane, changing lanes, turning, or stopping the vehicle.

In the second part of the low-level planning, Motion Planning, the selected
maneuver is planned in such a way that the vehicle is guided safely and
comfortably to the desired position with a dynamically feasible trajectory.
In this processing stage, standard methods of motion planning are drawn
from the robotic literature. State-of-the-art path planning methods include
but are not limited to visibility graph-search methods [20] and incremental
search [21].

The Local Feedback Controller is used to select appropriate actuator in-
puts to execute the planned motion and correct tracking errors. The tracking
errors generated during the execution of a planned motion are partly due to
the inaccuracies of the vehicle model. Therefore, great emphasis is placed on
the robustness and stability of the control loop.

The described AD system is needed to understand where road damage
features can potentially add value for AD. The section End-to-end Concept
closes with how road damage features will be utilized to improve the route,
behavior, and motion planning.

[.2.2 Environment Modeling

The perception system of AVs is responsible for understanding the vehicle's
environment, which involves estimating its pose (position and orientation)
in the 3D world and the perception of its local surroundings. In contrast to
standard GPS navigation system maps, HD Feature Maps usually contain
much richer environmental information, such as roadside objects (e.g., signs,
barriers) and lane-level information (e.g., markings, widths). Exploitation of
these features enhances the perception system, enabling precise localization
with centimeter-level accuracy. [22] provide a comprehensive overview of
HD Feature Maps for automated driving.

Vector HD Feature Maps contain precise geometric descriptions of road
elements and retain higher-level semantic information, such as road topology,
lane type, and speed limit, allowing them to have a signi cantly smaller data
size and to scale to more vehicles and larger regions [23]. According to
Ovum's Location Platform Index, the leading service vendor in the location
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platform market is HERE, followed by Google, Mapbox, and TomTom. Most
of them are based on OpenDRIVE [24]. To be more speci ¢, we adopt the
HERE HD Live Map structure and terminology in this section.

The HERE HD Map is a multiple-layered hierarchical arrangement com-
posed of the road model, the HD lane model, and an HD localization model.
The road model network contains the road topology and can be represented
as a directed graph consisting of a set of intersections and a set of road seg-
ments [19]. The nodes represent the start and end of road segments (i.e.,
intersections or dead ends), and the edges depict the course of the road [22].
Di erent road-related information and semantic information can be encoded,
such as travel direction, type, speed limits, elevation, slope, and curvature.
An optimal road-level route (i.e., a sequence of road segments from start to
goal) can be calculated using edge weights that correspond to the cost of
traversing a road segment and then applying a shortest path algorithm [14].
While the road model's smallest modeling unit is the road segment, the lane
model provides a more precise representation of the environment and con-
tains the lane topology [19], including lane-level features such as lane lines,
lane width, and lane markings.

As the real-world environment around vehicles is constantly changing and
emerging, a once-built o ine HD Feature Map is not su cient for accurate
environment perception | road conditions deteriorate over time, speed lim-
its and road markings change, construction sites and road hazards come and
go. Thus, online updates to the map are necessary to account for the dy-
namic environment changes. HD Feature Maps are transitioning from the use
of systematic industrial capture with LIDAR-equipped vehicles to a crowd-
sourced model that can perform map maintenance in near real-time. As the
participating vehicles (i.e., the crowd) dier in size, travel path, and sen-
sor setups, the aggregation algorithms must incorporate sensor-fusion and
DL approaches that accommodate the di erent sensor data. The resulting
HD Feature Map can be viewed as an extended vehicle sensor and comple-
ment the local perception setup [22]. While the road model alone can only
support high-level route planning by evaluating road-related information, be-
havior planning requires powerful real-time perception and decision systems
inside the vehicle. However, an updated lane-level map with precise localiza-
tion provides an exact trajectory and reduces the in-vehicle computational
burden [23], as the perception system is also able to utilize the crowd-based
map knowledge to initiate appropriate maneuvers.
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1.2.3 Camera-based Detection of Road Damages

Recognizing road damages ahead of the vehicle is crucial for AD to actively
execute low-level path planning according to the situation. This is especially
important if a damage is not yet present in the online HD Feature Map. But
even if it is already featured, a local perception increases the probability of
existence.

Primarily, camera and LIDAR-based approaches are reported in research
to assess road conditions in advance. Recent LIDAR solutions of assessing
the road surface focus on grading road damages [25], detecting cracks [26, 27],
assessing the atness of the road [28], estimating roughness [29] and detecting
potholes [30].

However, as environment recognition in AD is performed using a combi-
nation of camera, LIDAR and RADAR sensors, di erent sensor combinations
always include front-facing cameras but not always LIDAR sensors, which is
our reasoning to focus on camera-based RDD only.

The utilization of camera sensors for RDD has been subject of consider-
able research, primarily in engineering. A substantial amount of research has
been conducted on RDD utilizing rule-based algorithms and ML methods.
[31], [13], [32] summarize ML- and rule-based approaches, though we focus on
RDD with DL methods due to their general superiority in object detection.

From an academic perspective, camera-based detection of road damages
reached its preliminary peak in the GRDDC 2020 [33, 34]. The RDDS
2020 was shared among researchers with solely focusing on detection perfor-
mance, not accounting for speed/applicability. The provided datase consists
of 21,041 labeled images from India, Japan, and the Czech Republic [34].
The research content and the techniques used are shown in Table I.1.

In total 121 teams submitted their RDD approaches to the GRDDC which
were then rated by an evaluation server through the F1 metric. The test data
set includes 5,295 images of longitudinal, transverse, and alligator cracks,
as well as potholes. The top-12 ranked teams are displayed in Table I.1
including their solutions, all applying transfer learning with established DL
object detection frameworks. Since the only metric of the challenge was
detection performance over the F1 score, most of the better teams applied
ensemble models, which includes #1, #2, #3 and #6. DA is a common
tool to extend the database which is successfully applied by most teams,
while the application of TTA leads to varying results, with #1 resulting in
an upgrade, but #11 in a downgrade. Likewise, di erent results occur when
applying road segmentation to focus on the relevant image area (#3, #6
reporting an upgrade, #10 a downgrade).

YOLO-based models reach superior results compared to FRCNN models
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(#9-#12), regardless of the YOLO version utilized (#1, #2, #4-#6 and
#8). Another nding of the challenge is that expert models from di erent
countries can help to improve detection performance. However, this requires
a prior country classi er (#4, #10, #12).

DL solutions proposed in research still lack real-time capability, as most
research focuses on performance over speed, which is not su cient for a
lightweight application in the vehicle [31].

Table 1.1: GRDDC 2020 Literature and proposed DL techniques

Articles Techniques
Hegde et al. [35] YOLO-v5, Data & TTA, Ensembles
Doshi et al. [36] YOLO-v5, Data & TTA, Ensembles
Pei et al. [37] Cascade R-CNN, Data Aug., Ensembles
Mandal et al. [38] YOLO-v5, Data Augmentation
Dongjun [39] YOLO-v5, Data Augmentation
Liu et al. [40] YOLO-v4 & Faster RCNN, Data Aug.

Naddaf-sh et al. [41] E cientDet
Xiaoguang et al. [23] YOLO-v4, Data Augmentation

Hascoet et al. [42] Faster R-CNN, two stage detection
Vishwakarma et al. [43] Faster R-CNN, multi-stage

Pham et al. [44] Detectron2 and Faster R-CNN
Kortmann et al. [45] Faster R-CNN, regional experts

The detection of road damages is just one step of the CV task for AVs.
Another critical aspect is the severity of a damage as not all damages are
relevant for the vehicle dynamic and we seriously want to prevent vehicles
from avoiding all non-relevant damages. [32] and [42] report a lack of severity
algorithms to be applied in practice. [46] proposed a close range method
to measure a potholes size and depth, not applicable while driving and for
longer range. [47] also captures 2D images for 3D reconstruction, using visual
and spatial characteristics of potholes. [48] whereas applies Support Vector
Machine (SVM) and random forest ML approaches to assess the severity,
including just 65 miles of road. All approaches have not been tested on
automotive grade front-facing cameras in a driving scenario.

Despite the many strengths of the camera, images do not give feedback
on how AVs are inuenced by damages and what actual impact damages
have on the vehicle dynamics.

92



I.2.4 Road Damage Detection with Vehicle Feedback

Besides predicting the presence of a damage, the in uence on the vehicle
needs to be measured to validate whether the damage is of importance for
motion planning of AVs. For this reason, we present technical solutions
of measuring road damages from on-board sensors located within the vehicle
dynamics. Although the information about the damage is then only available
after driving through them, this analysis provides the true impact on the
vehicle. The gathered in-depth information can be shared via the Online
HD Feature Map to impact motion planning of vehicles driving the same
route.

[49] utilize retro tted ASs to access the IRI, a metric to describe the
roads' condition over a speci ed distance. [50] employs similar sensors, but
takes a di erent approach in detecting potholes from the sequential sensor
data. Other attempts involve the use of smartphones and their ASs in the
driver's cabin for detecting potholes [51, 52]. Due to the strong suspension
and damping of the driver's cabin and that for di erent types of vehicles, [53]
and [54] apply the evaluations of di erent smartphones in a crowd sensing
scenario to compensate for uncertainties of individual measurements. [55]
estimate road damage severity by making use of the relation between vertical
acceleration and relative vertical displacement of the vehicle.

[56] employ the VLS, pre-installed in modern vehicles as part of the auto-
matic headlamp levelling, and an AS to consistently measure road elevation
by modelling the QVM. The output is a accurate elevation pro le of the
road from which damage can be detected and assessed.

1.3 Research Approach

In this chapter, we rst describe the underlying DSR approach, followed our
iterative description of the research process (cf. Table 1.2) for designing the
end-to-end concept. Besides the end-to-end concept, the Section 1.3.2 repre-
sents the process for revealing research gaps in RDD and RDS classi cation,
being our second and third objective to be designed.

1.3.1 Design Science Research

This chapter describes our epistemological position on DSR as a research
paradigm. Despite partly contrary views on DSR in the literature [57, 58],
we support the understanding of DSR being pragmatic in delivering utility
in a de ned application domain rather than focusing on truth [59, 58, 60].
Actions are motivated by a purpose (relevance) and are enabled by knowledge
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(rigor) to achieve environmental change [58]. Pragmatism focuses on how new
artifacts designed in DSR can drive outcomes, given limited resources.

Figure 1.2: Three cycles of DSR according to [61]

We utilize the DSR framework of [61] for our investigation, which is
adapted to our use case in Figure 1.2. It comprises three research cycles
to e ectively conduct DSR: relevance, rigor and design.

The relevance cycle connects the design activity with the occupied appli-
cation domain, thus with the real-world problems drawn from the environ-
ment. The origin of the problems can be people, organizations or technology.
The results of the research should be novel to the application domain and
pragmatic and valuable in nature.

The contrasting rigor cycle deals with knowledge from research of the
occupied eld. In DSR, researchers simultaneously draw from the existing
knowledge, as well as extending it by their designed artifacts. The rigor
cycle consists of both, technical foundations as well as methodologies used
in research.

The actual design takes place in the design cycle, in uenced by the rel-
evance and rigor cycle. The design cycle includes an iterative process of
building artifacts of di erent kind to solve the problems of the environment.

[.3.2 Research Implementation

We conduct three iterations, following the DSR paradigm. Each iteration
includes a relevance, a rigor, and a design cycle. Table 1.2 describes the
iterations' inputs, methods, steps and results respectively for all cycles.

An iteration, thus the discussion with the experts via a workshop (rele-
vance cycle), the investigation of the knowledge base (rigor cycle) and the
design phase (design cycle), spans four weeks each.
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Table 1.2: Overview regarding the implementation of DSR including three
iterations over three cycles

Design science research implementation

Relevance Cycle Rigor Cycle Design Cycle
Input Iteration 1-3
p o . " Literature on AD .
Application scenario s . Literature
Literature on RDD: . .
Expert demands, knowledge R Wtical soluti Expert experience in AD
and feedback R Analytical solutions Experience in DL
GRDDC solutions
Iterations 1-3
Method Literature review ~ Literature review "~ Literature review
Expert workshop ~ Design science research ~  Prototyping & eld study
Iteration 1
“  Conduct workshop 1: " Gather relevant literature: DeS|gn|ng the \as it is
- . . A . - architecture
Step Review AD architectures Vehicle perception system N .
R . L ? Examine required tools for
Propose AD subsystems Decision-making system
. R N the end-to-end concept
drawn from literature RDD techniques - -
- - A ] Fit tools in the AD
Discuss the modules of DL state-of-the-art in CV N .
N ~ " architecture and explain
the end-to-end solution Analyze literature : - .
a R . - ; impact on motion planning
Discuss on the lack of Determine design cycle inputs ~ Design nal end-to-end
lightweight RDD modules for end-to-end solution and DL 9
architecture
lteration 2
. “ Analyze DL frameworks
AConducI workshop 2: : ~  Select YOLO DL Framework and tools for RDD
Propose end-to-end solution ~ L
P Select DL tools for training Analyze DL tools to keep
Discuss the sub-modules ~ ! L
- Conclude a lack of RDS real-time capability
Propose our RDD module . .
P ) modules in research Design nal base and
Discuss RDS importance
expert models
lteration 3
Analyze DL domain
Conduct workshop 3: ~ Document end-to-end solution for RDS
" Propose our RDS module ~ Document RDD and RDS Testing RDS concepts
~ Discuss the RDS module ~ Publication writing ~ Design nal RDS
prototype
Iteration 1
Agreement on an AD ~ Knowledge on AD subsystems:
Result architecture “ Vehicle Perception System

Requirements for a

cost-e cient

end-to-end solution on RDD
A research gap in
applicable RDD modules

>

“  Vehicle Motion Planning
~ Online Map System

Knowledge on RDD techniques
Knowledge on HD Feature
Maps

Low-cost end-to-end
concept on RDD and
RDS classi cation

"~ Validation of the sub-modules

of the end-to-end concept
Validation of the
lightweight RDD module
A research gap in RDS

>

lteration 2

Knowledge on DL tools
Identi cation of useful tools
in DL to reduce runtime

Lightweight and
performant RDD
algorithm

Validation of the RDS module
as a promising approach

Iteration 3
This paper

Lightweight RDS
prototype

We consult three experts in our workshops. One expert is dealing with
environmental perception of autonomous vehicles in his daily business, pri-
marily utilizing LIDAR sensors. The second expert is responsible for the
appropriate use of the environment by developing functions for AD in the
decision-making system, while the third expert manages projects in this very
area.

As illustrated in Table 1.2, we were able to develop the concept on how to
utilize road damages in AD in the rst two iterations leveraging the knowl-
edge base and the domain know-how of the experts. Beforehand, we had to
de ne an architecture of AD, consisting of three subsystems (cf. Section1.4.1)
due to the high complexity of the topic.

Based on the workshops and the evaluation of existing research, we iden-
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ti ed a research gap in the eld of RDD. Existing approaches are mostly fo-
cused exclusively on detection performance in CV for RDD (cf. Section 1.2).
The GRDDC focused on improving road management systems, while we
learned that RDD is still hardly considered in AVs. Though, the CV solu-
tions lack applicability due to high computational demands of the DL models.
When applying such models in AVs, it is of great importance to consider the
limited resources in the vehicle. RDD is just an incremental part of succeed-
ing with AD in harsh environments. The AV must perform multiple object
detection and tracking tasks solely in the VPS being just one component to
succeed with AD. Thus, RDD can just take an incremental part of the total
computing power available. Another, yet insu ciently examined topic, is
RDS classi cation as depicted in Section 1.2.4. The research gap is spotted
in workshop 2 and evaluated in workshop 3.

.4 Results

Figure 1.3: The subsystems VMPS, VPS and OMS in a joint architecture of
AD

.4.1 Common Research Ground

Due to the complexity of AD, it became necessary to establish common
ground with the experts and problematize the lack of architectural vision.
Figure 1.3 shows the AD architecture \as it is", drawn from the expert work-
shops/knowledge and authors perspective. We distinguish and divide the AD
system into three subsystems, being the VMPS, the VPS and the OMS. The
VPS and the OMS consist of a process and data layer to distinguish between
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the inherent operations of the system to create valuable data for the VMPS
as well as de ning data objects required for motion planning.

The rst of two vehicle sub-systems is the VMPS, explained in Figure 1.1.
The second sub-system VPS located within the vehicle is responsible for
gathering environmental information to create a fundamental database for
motion planning [62]. The process layer depicts the procedure in the VPS
on how the sensor data nally process to tra ¢ objects with a determined
position. The data layer whereas shows the deliverables drawn from the
process for the below VMPS. The trac objects are stored in the local
Vehicle HD Map, the entry point for motion planning.

The third system, the OMS, is stored on an online server accessible via the
vehicle's telecommunications unit. The OMS must aggregate all the informa-
tion gathered from the local VPSs by performing \many to one" aggregation,
with increasing amounts of redundant detections increasing the probability
of existence of objects. When detecting new features, a map update must
align the semantic layer with the new data. The Online HD Feature Map
is thus capable of self-healing. It can be considered as an additional sensor
to validate local perceptions faster. The process layer depicts the procedure
from aggregation to the map update.

1.4.2 End-to-end Concept

This subsection presents our concept for factoring road damages and their
severity in AD. As we cannot rely on the front-facing camera only, especially
in high-speed driving situations, we adopt two divergent technical solutions
for RDS and RDD and apply them in a crowd sensing scenario. The use case
we deal with is visualized in Figure 1.4. It shows a vehicle that detects road
damages and their severity using on-board sensors. We distinguish between
the camera-based approach that detect road damages ahead (C1) and the
QVM-based road analysis (C2) (cf. [56]) that detect the area under the tires
that has already been traversed. Both analysis are merged in C3, the Edge
Aggregation, in the local HD Feature Map and updated with the OMS.

The component C1 is responsible for RDS classi cation and RDD. Both
information can be utilized immediately in the VMPS, though, both consist-
ing of predictions y*with a speci ed probability for each damage class and
respectively each severity class.

predicted type £
s predicted severity 8 (1.1)
predicted location f
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Figure 1.4: Use case for camera- and QVM-based RDD and RDS classi cation

Most damages are detected by a single pass through with the camera
system including an initial con dence value based on the detection algorithm
C1. The synchronization with the OMS is of great importance in this case, as
damages should have been recognized by other vehicles before. Furthermore,
damages that were initially recognized only by object recognition (via C1)
can be validated by passing through the damage via component C2, utilizing
the QVM-based analysis. The aggregation of both analyses generated in C1
and C2 takes place in C3, Edge Aggregation. Predicted damage¢héat are
passed through are validated utilizing C2 to becomg, a much more reliable
representation of the damage calculated from the elevation pro le generated
from the QVM response. This leads to some damages being transmitted as
¥ and some ag/ to the OMS.

The OMS is responsible for \many to one" Aggregation (C4) as lots of
local VPSs feed the OMS continuously with data (many @and y) to specify
a singlewincluding a xed type, severity and location.

The end-to-end concept proposed is an information system for the AD
system, similar to decision support systems for humans (e.g., [13]). The
unique feature of this concept is the description of the required modules for
integration into the existing system (cf. Figure 1.3). The complexity is higher
compared to the human-supporting systems, since the interfaces have to be
de ned precisely.

The design and evaluation of the concept with the experts revealed two
research gaps. While the edge aggregation (C3) and the cloud aggregation
(C4) can be similarly implemented as for example tra c lights or road sig-
nage, we uncover (1) a lack of lightweight RDD algorithms and (2) a lack
of lightweight RDS classi cation algorithms. Utilizing the freedom given in
DSR, we consistently and pragmatically develop algorithms to enhance the
knowledge base and deliver value for the application domain. To accom-
plish this, we labeled supplemental data in addition to the RDDS data, as
described below.
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Figure I.5: End-to-end concept for the utilization of road damages in AD

.4.3 Extended Data Set

About three-quarters of our database consists of the RDDS 2020 [34], the
foundation for the GRDDC 2020 (cf. Section 1.2.3). The RDDS considers
four damage categories: longitudinal, horizontal and alligator cracks, and
potholes.

As an addition to the RDDS, we labeled 10,260 images from automotive-
grade front-facing cameras recorded in Germany (40%), the USA (28%), the
United Kingdom (10%), South Korea (10%), Poland (4%), France (3%),
Latvia (3%), and Finland (2%) applying the same labels. To build the ADS,
we select di erent regions to enhance the generalization of the algorithms re-
ect di erent road conditions in various countries. The images also contain
night, snow, and rain situations. The images are collected by HELLA Aglaia
Mobile Vision GmbH across countries and continents, using identical mea-
surement vehicles and an automotive-grade camera from Sony Corporation.

The addition of ADS is particularly important as the RDDS only uses
images from smartphone camera sensors. The images di er greatly in terms
of quality, aspect ratio and viewing angle. While the smartphone is mounted
on the windshield of the inner cabin, the automotive camera is properly
installed ush with the windshield. The image size of the RDDS is 600 px

600 px, respectively 720px 720 px for India, whereas the ADS contains
images of 3504 px 1072 px. Incorporating the self-labeled data, we aim to
tailor the algorithms optimally for application in the AVs, as good results
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Table 1.3: Tools for increasing RDD performance

Method Description
Training Data
Photometric Transforms Random hue, saturation, brightness values
Geometric Transforms Random perspective transform, left/right ip
Moasic Augmentation [63] Mixing4 di erent images as 1 training sample
Synthetic Samples [64, 65] New data with class-conditional VAE-GAN
Classi cation Loss
Class Weighting [66] Weighting according to inverse frequency of
classes
Smooth Class Labels [67] Turning hard one-hot encoded into soft labels
Weight Initialization

Transfer Learning/ Using pre-trained weights/features learned on
Fine Tuning another problem as starting point
Anchors
Optimized Anchors [68] Generation of custom anchors with k-means
Training Strategy
Image Weighting [69] Weighting data sampling according to classes'

inverse performance of previous epoch testing
Multi-Scale Training [68] Varying image size randomly by +/- 50%

are more likely with using similar images in training and application.

I.4.4 Road Damage Detection

Given a frame captured by a front-facing vehicle camera, the damage detec-
tion system should decide:

1. Does that frame contain any road damages?
2. If yes, localize each damage on that image with a bounding box.

3. Determine the damage type(s) by classifying each detected damage.

The GRDDC indicated the superiority of YOLO architectures in this do-
main. Meanwhile, the state-of-the-art object detection framework for fast
and accurate object detectors Scaled-YOLOv4 [70] was released. The au-
thors proposed a compound network scaling approach along with ve net-
work architectures that optimally trade-o speed and accuracy. We picked
the two smallest neural network structures from the Scaled-YOLOv4 frame-
work: YOLOvV4-Tiny and YOLOv4-CSP. YOLOv4-Tiny achieves real-time
performance on embedded devices like the Jetson NANO, and YOLOv4-
CSP is a medium-sized architecture, which is still fast, with an inference
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speed of 93FPS on a GPU V100. We used the Mish activation function [71]
for both network designs. The three-part loss functions are composed of a
bounding box regression loss (Generalized Intersection over Union (GloU)
[72] for YOLOv4-Tiny, Complete Intersection over Union (CloU) [73] for
YOLOvV4-CSP), and cross-entropy losses for objectness and classi cation.
The actual choice of model depends on the speci ¢ hardware setup and the
desired performance (e.g., YOLOv4-CSP has higher accuracy but is slower
than YOLOvV4-Tiny). Yang et al. [74] address the challenge of having embed-
ded hardware constraints in autonomous vehicles and conduct an industrial
design study to improve throughput for CNN-based systems.

Numerous design options exist to increase the accuracy of object detec-
tion. However, many of the methods that achieve the highest accuracy in
challenges (e.g., remarkable model upscaling, TTA, and ensemble models)
are accompanied by signi cantly increased inference speed. While increasing
the accuracy, such strategies typically fall short of the vehicle's processing
speed requirements. Nevertheless, we can still resort to an extensive collec-
tion of best practices that can improve test accuracy without increasing the
inference time in practical deployment by in uencing the training process.
Such methods include standard tricks like image transformations and trans-
fer learning, but also more complex techniques like the arti cial generation
of additional data (cf. Table 1.3).

We considered the four classes from the damage detection challenge: lon-
gitudinal cracks, transverse cracks, alligator cracks, and potholes. Our end
goal is to maximize the predictive performance of damage detection with
front-facing automotive cameras. We split the ADS into 70% training (7,287
images), 15% validation (1,561 images), and 15% test samples (1,561 images).
In addition to the ADS, we used the challenge dataset to improve the feature
learning process and to provide a comparable test score. Our approach for
both the YOLOvV4-CSP and YOLOv4-Tiny architectures is given as below:

1. Build a base model using TL from MS COCO pre-trained weights
using a combined training set composed of the challenge and ADS.

2. Build an AD expert model by ne-tuning the base model solely using
the ADS.

We determined the hyperparameters (e.g., the learning rate, amount
of data augmentation, and objective function parameters) using a random
search [75] followed by a genetic algorithm [76] utilizing the validation set of
the rst step. The ADS validation set was employed to determine the opti-
mal number of epochs and the non-maximum suppression threshold for step
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two, and was added to the training set for nal training. We used Stochastic
Gradient Descent (SGD) with Nesterov momentum [77] as our optimizer.
The YOLOvV4-CSP base model was trained for 30 epochs with a learning
rate of 0.016. We reduced the learning rate by a factor of 0.1 to ne-tune the
expert for 80 epochs. The Tiny base model was trained for 90 epochs with a
learning rate of 0.006, followed by optimizing the expert for 150 epochs with
a decreased learning rate of 0.001.

RDD Performance Evaluation

Table 1.4: RDD performance and runtime of the base models on the RDDS

Rank Model mAP F1 Speed
#9  Tiny 42.1 544 55ms
#4  CSP (512px) 51.1 58.4 26.0ms
#4  CSP (640px) 51.0 58.8 29.9ms

Table 1.4 shows the results of the base models, while Table 1.6 depicts the
autonomous driving expert models. We measured the inference speed on a
GTX 1080 Ti GPU for a batch size of one.

The base models are evaluated on the GRDDC evaluation server results
(cf. Table 1.4, [33]). The YOLOv4-CSP model is the best non-ensemble
solution with #4 on the leaderboard, utilizing the tools applied in Table 1.3
with a runtime of 26ms. The YOLOv4-Tiny base model reaches #9 with a
runtime of only 5.5ms.

High-cost base models are displayed for comparison in Table 1.5. Apply-
ing TTA in a YOLOv4-CSP model enhances the F1-score to 63 (+4.6 com-
pared to no TTA), while also the runtime increases signi cantly to 71.5ms
(+175%). Applying ensembles as a single tool increases the runtime even
more to 135.4ms while delivering poorer results than just applying TTA,
which indicates, that ensembles are not at all useful when searching for a
sweet-spot between detection performance and runtime.

The GRDDC's high-ranked solutions applied ensembles with large YOLO
architectures such as L or XL, which exorbitantly increases the runtime and
decreases the likelihood of application in AVs even further compared to the
models displayed in Table I.5.

The evaluation of our AD expert models, optimized for the automotive-
grade images is displayed in Table I.6. As the F1l-score was utilized in the
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Table 1.5: High-cost base models utilizing TTA and ensembles

Rank Model F1 Speed
#2  CSP (TTA) 63.0 71.5ms
#4  CSP (512px) Ensemble 60.3 135.4ms

#2  CSP (512px) Ensemble & TTA 64.1 370.6ms

Table 1.6: RDD performance and runtime of the AD expert and base
models on the automotive dataset

Model mAP  Speed

AD expert Tiny 31.1 5.3ms
Base Tiny 24.5 5.5ms
AD expert CSP  (512px) 48.7 24ms
Base CSP (512px) 0.418 26.0ms
AD expert CSP  (640px) 50.7 25.1ms
Base CSP (640px) 0.442 29.9ms

GRDDC, we considered this metric. Though, in object detection, the mAP
has become increasingly important over the last years, as it mirrors the en-
tirety of the precision-recall curve much better than the F1 score, which only
provides information on a de ned con dence score. The YOLOv4-Tiny ex-
pert model performs much poorer than the YOLOv4-CSP expert models.
The YOLOvV4-Tiny model su ers from a lower depth. We examined that
primarily smaller images are not recognized by the algorithm. If we assume
that small damages have less in uence on the vehicle dynamics, it remains
to be judged whether these very damages must not be taken into account at
all.

The performance of the latter two algorithms di ers only slightly in per-
formance (+4%) an runtime (+4.5%). The use of a larger input size should
therefore be weighed up according to the available resources.

The improvement in detection performance using our self-labeled dataset
(cf. Section 1.4.3) is impressive. The base models perform signi cantly worse
on the validation dataset of the automotive data (cf. Table 1.6), which jus-
ties the enormous e ort to add further data, much closer related to the
application eld.
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Figure 1.6: Applied Variational Autoencoder (VAE) architecture

1.4.5 Road Damage Severity Classi cation

Besides localization and classi cation (i.e., damage detection), assessing dam-
age severity is a relevant factor to accomplish the AD task, as con rmed by
the expert interviews. However, we do not possess any severity labels for the
damages. Therefore, we leveraged unsupervised learning and then subjec-
tively labeled 120 potholes from the challenge and ADS to train a classi er
on top of the learned features, making this a semi-supervised approach. The
reasoning for being able to train a generalizable classi er even with a small
subset of supervised examples is that we also include information from the
large surplus of unlabeled data in the learning process, thus already obtaining
a highly nonlinear feature extractor for the damages. Similar observations
(e.g., in terms of severity) will be encoded at a similar location in the feature
space, facilitating the process of nding an accurate discriminator thereafter.
We con ne ourselves to potholes, as they are the most critical type of damage,
and used VAEs [78] for feature learning. Note that the proposed approaches
can be easily extended to more damage classes by additionally conditioning
the VAE encoder and decoder on the damage type.

Autoencoders are unsupervised approaches to uncover latent feature rep-
resentations from data. Typically, they are composed of a neural network en-
coderepxq z, responsible for encoding the original image datainto lower-
dimensional featuresz and a neural network decodedpepxqq dmq R,
which maps from the latent space back to the image space. The dimension-
ality of the z-space is typically chosen to be much smaller than the image
space, forcing the model to learn a meaningful encoding. By minimizing
a reconstruction error (i.e., makingx”close tox), we implicitly maximize
the information contained in the feature representatiornz, as it needs to
be su ciently helpful to approximately reconstruct the original data point.
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However, standard autoencoders often fail at learning continuous and inter-
pretable latent spaces, as they rely on deterministic mappings.

VAES are a probabilistic version of autoencoders that regularize the latent
variables and thus learn a valid space &. Instead of compressing the input
image into a xed embedding with a deterministic encodeepxq z, VAES
turn a single image into the mean and variance parameters of a diagonal
Gaussian, which is forced to be close to a standard normal distribution.
The resulting latent variables typically encode continuous, independent, and
interpretable factors of variation in the datax, and meaningful interpolation
based on the resultingz-space is feasible. For example, ¥ represents the
image of a potholez should encode factors of variation in potholes, such as
shape, color, surface characteristics, or depth.

Formally, the encoder represents an approximate posterior distribution
gre|xq over the latent variablesz, and the forward propagation of an image
X is given as follows:

1. Encodex through egxg p ; qto obtain
ae|xq N pe; ;diag p qq

2. Sample a latent vectorz from gpe|xqthrough
z ", where” Nm;lgand is an element-wise product.

3. Decode the feature vector through dzq R.

The sampling step (step 2.) is carried out by applying the reparameteri-
zation trick [78] to render backpropagation through the normal distribution
tractable.

Our encoder{decoder VAE structure is illustrated in Figure 1.6, where
c depicts the number of image channels] is the dimensionality of the la-
tent space, andConvT denotes a transpose convolutional layer. We used the
Recti ed Linear Unit (ReLU) LeakyReLU activation function and batch nor-
malization [79] for all hidden convolutional layers and identity activation for
the fully connected layers (log ? ensures 2 ¥ 0), and the last layer applies
a sigmoid activation function, as pixels are normalized to the 0{1 range.

The objective of VAEs is the maximization of a lower bound on the in-
tractable data likelihood given byE,rlogppx|zgs KL rq pz|xq|ppzgs where
KL denotes the Kullback{Leibler divergence and is one image sample. Sup-
pose we use the analytical solution of the KL divergence for two Gaussians
and assume a pixel-wise Bernoulli decoder. In that case, we can equivalently
minimize the following two-part loss function consisting of reconstruction
and regularization loss:
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wheres denotes the height and width of the input image (in our case 64),

d is the dimensionality of thez-space,i is the pixel index, andj denotes the
element index of the mean and variance vector. The rst term represents
the decoding part from the latent space to the image space and aims to
reconstruct the original image as closely as possible (i.e., maximizing the
likelihood of the reconstruction). The second part is a regularization term
to avoid ill-formed latent spaces and over tting by making the approximate
Posterior gmz|xq resemble the standard normal Priopeq N @©;1q (i.e.,
minimizing the KL divergence between the two distributions).

Figure I.7: Examples of high, medium and low severity potholes

We created the training set for unsupervised feature learning by crop-
ping out the bounding boxes of the potholes and resizing them to 6464
pixels, resulting in a dataset of 6,895 samples. We transformed the samples
from RGB into grayscale ¢ 1), used a two-dimensional embedding space
(d 2), and trained the VAE for 5,000 epochs using the RMSProp optimizer.
Figure 1.8 shows the resulting 2D data manifold created by linear interpo-
lation through the latent space from 2 to -2 in steps of 0.2 and decoding
the respective z-vectors. We can interpret; as a color feature, with lighter
potholes having values above zero. The featurg can be loosely interpreted
as a depth feature, with less severe potholes negr 0, while the corners
of the space represent serious damage. We then subjectively selected 15 low
severity potholes and 15 high severity potholes and visualized their encoded
mean z-vector in latent space (cf. Figure 1.9), which con rmed the above
interpretation.

Given the promising results with only two dimensions, we wanted to
build a classi er that distinguishes between three severity levels. Hence,
we assigned low, medium, and high labels to 120 potholes (cf. Figure 1.7).
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Figure 1.8: Decoded potholes by irFigure 1.9: Encoded severe (yellow) &
terpolation through 2D latent space non-severe (purple) potholes

Approximately half of the samples originated from the Challenge Dataset
(CDS) and half from the ADS. We ensured high inter-class heterogeneity in
terms of shape, color, and distance and split the 120 samples into 90 training
samples (30 per class) and 30 validation samples (10 per class). This time,
we trained the VAE with ¢ 3 andd 16 for 5,000 epochs to learn a higher
dimensional feature representation accounting for the increased complexity
of the task. The features for the classi er were obtained by sampling the
approximate Posteriorz  qe'|x'q@';i 1;:::;90 utilizing the trained
encoder. The classi er comprises two hidden fully connected layers with
16 units and ReLU activation and a softmax output layer. It was trained
with the Adam optimizer [80] for 1,500 epochs using a cross-entropy loss
function. Note that the approach of rst training a VAE to learn a feature
representation and then training a classi er on it is described as the M1 model
by [80]. To evaluate this semi-supervised scheme, we also train a baseline
classi er that takes the damagex instead of the featuresz as input.

RDS Performance Evaluation

The accuracy of the classi cation in three severity levels on 30 validation
examples amounts 80% and just 53% with our baseline model. This indicates
that our VAE learns a viable latent space facilitating the classi cation task.
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Table 1.7: Results of the severity classi cation

Model Accuracy
Baseline k) 16/30 (53%)
VAE (2) 24/30 (80%)

.5 Discussion

This paper addresses the lack of AVs in dealing with road damages. The
application of the DSR paradigm allows us to follow an iterative process
to develop the end-to-end concept, execute gap spotting, and proceed in
designing the RDS and RDD algorithms, answering the revealed research
gaps.

Referring to research objective 1 (cf. Section I.1), we provide researchers
and practitioners with an end-to-end concept on how to utilize built-in sen-
sor technology in AVs to actively respond to road damages in the vehicle's
decision-making-system. The concept enables the implementation of various
use cases. The rst consists of the real-time processing of road damages for
the immediate adjustment of the trajectory. The second use case allows de-
tected damages to be matched with the local HD Feature Map via the online
HD Feature Map. The preventive information can help to consider damages
that have not been detected locally, as well as to increase the con dence of
the environment model in case of redundant local detection. Further, but
outside the scope of our paper, the information is usable for road agencies
seeking greater real-time transparency of their road conditions and to opti-
mize action planning.

An essential step in the development of the concept is the de nition of
the \as it is" AD architecture in collaboration with the experts, which is nec-
essary to create a common basis for the export workshops due to the highly
complex topic of AD. Our proposed concept is a contribution to theory and
practice. The topic have not been investigated in research before and o ers
a novel combination of modules for an e ective use of available sensor tech-
nology for RDD and RDS classi cation in the complex AD architecture. The
DSR approach is thereby very pragmatic and application-oriented, which is
why the end-to-end concept also provides a valuable contribution for devel-
opers to implement such a solution and to e ectively integrate the obtained
features into the motion planning task of the VMPS.

The end-to-end concept proposed enables the AV to enhance the VMPS
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(cf. Figure 1.4) in the following way:

1. Impact on High-Level Path Planning:In route planning, cost func-
tions that prioritize di erent properties are applied. By default, routes can
be optimized according to the shortest possible travel time and the short-
est possible distance. Among other things, research is also concerned with
considering the air quality in the areas to be traversed. In addition to these
considerations, road segments with severe road damage can be factored in.
The cost of passing the road segment increases or could decrease if damages
are repaired. The importance of this feature will increase with automation
level, as the interior of the vehicle can be used for leisure time as well as
sleeping time. Thus, the features should help to increase driving comfort
through improved route planning in areas with good road quality. To grade
road segments, the feature should include the type of damage, the damage
size, and its location and severity.

2. Impact on Behavior Planning: In behavior planning, the AV decides on
the maneuvers to be executed based on the current tra ¢ situation. Road
damages do not yet have a cost in this segment, although it could a ect
maneuver planning if the road damage is severe. In extreme cases, severe
damage over a wide area of the road could trigger a full stop. It is also
conceivable that the lane needs to be changed, if the tra ¢ situation permits,
in order to avoid damage leading to a loss of comfort or safety. A lane-level
map can also guide the vehicle to initiate proactive maneuvers and thus avoid
dangerous situations due to damages.

3. Impact on Motion Planning: Road damages are not yet considered in
the cost function when calculating the to be executed trajectory. Although,
for small damages, it is conceivable that, within a maneuver, the trajectory
could be planned in such a way that the damage is not passed through (e.g.,
avoid the damage to the right or left or drive over it in such a way that
the tires do not pass through it). Many AD systems also include collision
avoidance systems. Severe damages that are critical threats to driving safety
can be considered and treated in a similarly to an object on the road that
must not be hit.

Contributing to research objective 2, we deliver a mature RDD algorithm
with signi cant improvements in runtime and cutting-edge road damage de-
tection performance compared to the top-ranked solutions proposed at the
GRDDC 2020. This is a major step towards successful in-vehicle applica-
tion considering limited computation resources. The results show that it
was worth the e ort to label the automotive-grade camera data ADS. We
were able to achieve considerable improvements from this and through the
intelligent use of DL tools in training (cf. Table 1.3).

The RDS classi cation algorithm is a promising rst approach. The initial
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results show a signi cant improvement over the baseline model. An improve-
ment in classi cation performance would be likely when introducing more
severity-labeled damages due to a greater generalization. However, it must
be further investigated whether this approach also works for other damage

types.

[.5.1 Limitations

The limitations must be split in analogy to the three artifacts designed in
this work.

We make a valuable contribution introducing the end-to-end concept
which features road damages for AVs' motion planning (high- and low-level,
cf. Section 1.4.2), though the exact implementation details remain unad-
dressed. These include the aggregation steps on edge (C3) and the many-to-
one aggregation in the OMS (C4). In addition, we do not provide a detailed
description of the semantics of the HD Feature Map to account for road dam-
ages, what must be discusses regarding what level of severity damages should
be considered and data granularity. Thus, it remains to be judged whether
these are distributed to exact positions or, e.g., to segments to save data
volume.

Furthermore, due to the great change in the electronic and electrical
architecture of modern vehicles from distributed control units to centralized
computers, it has to be problematized as to where the algorithms (C1 and
C2) as well as the aggregation of the data (C3) run and how they are included
in the local HD Feature Map.

Despite the achievements regarding an RDD algorithm that delivers great
detection while being as much lightweight as possible, it remains to be eval-
uated which resources are actually free in the VPS of AVs to accomplish
this task. This would make it possible to optimize a model exactly for the
intended resources. Optimization can also be carried out with regard to the
installed hardware.

Our proposed Road Damage Severity Classi cation algorithm is a promis-
ing approach, however, these results must be viewed with caution when com-
pared to our RDD algorithm, as the results are based on only 30 validation
images of potholes. More potholes labeled according to their severity would
be desirable for a more meaningful assessment. Ideally, severity labeling
should not be based on subjective criteria, but on a recognized standard
for road damage assessment. However, this would require us to measure
each pothole considered, which was not achievable in our research approach.
Furthermore, it is of particular interest whether the same approach can be
successfully applied to other damage classes (e.g., cracks).
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.6 Conclusions & Future Work

Regarding the research objectives formulated in the Introduction, we con-
tribute to 1. in proposing an end-to-end concept that utilizes two sensors
technologies for RDD and RDS classi cation. Moreover, we describe mod-
ules to enable AVs to actively respond to road damages while paying respect
to the modern architecture of AVs (cf. \as it is" Architecture, Figure 1.3).
The algorithms developed represent a novel and in-depth contribution to
the knowledge base. The RDS algorithms delivers cutting-edge performance
while being as lightweight as possible, paying respect to limited computation
resources in AVs, and the RDS algorithm being a promising approach on how
to assess the severity with images from front-facing cameras.

Many di erent adjustments, tests and experiments were left for the future
due to lack of time. This applies to the end-to-end concept as well to the
RDD and RDS algorithms.

The biggest and most exciting challenge for us lies in the complete design
of the end-to-end concept , taking into account all the requirements of a
vehicle with centralized computing capabilities. The implementation would
require going one level deeper in the aggregation components C3 and C4 and
implementing a solution. To accomplish this, existing aggregation procedures
for other features of the HD Feature Map should be applied. The RDD and
RDS algorithms should be adapted based on the assigned computational
capacities. The design of the road damage layer of the HD Feature Map
needs to be discussed regarding information depth needed and data volume
available to provide a reasonable layout.

Itis also advisable to examine the potential of this approach for improving
the infrastructure planning of cities and states. What is certain is that the
end-to-end solution provides transparency about road conditions in real-time.
This could be used to react more quickly and depending on the degree of
severity. [13] proposed a decision support system, though utilizing feature-
based ML approaches.

The camera-based RDD and RDS algorithms designed in this work are
yet not aligned with the QVM-based calculation of the road elevation. This
is a sensor fusion topic, which needs to be examined in detail to enable
the predicted damagesy to become validated by a vehicle feedback-based
system. Furthermore, the RDS approach represents an exciting approach,
which should be further investigated. However, this requires a much larger
database with damages not only labeled in terms of damage type, but also
in terms of severity.
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Abstract

This paper reports a novel approach for assessing the surface pro le of roads
utilizing the vehicle level sensor. The sensor is already legally binding in-
stalled in modern vehicles with headlights including LED and Xenon lighting
sources in Europe due to the automatic luminaire width control. The e ec-
tive application of the presented sensor setup is validated within a laboratory
setup displaying and simulating the quarter-vehicle-model for known surface
pro les while comparing the simulated results with measured values from the
sensor setup. The results show that the measured data are in accordance to
the general characteristic of the signals frequency and slope. The amplitudes
deviate slightly due to inertia in the laboratory setup. This paper shows that
the approach of utilizing the vehicle level sensor for road condition monitor-
ing works in principle. It is the rst step towards a real-time modelling of
road conditions from common vehicles utilizing given sensors.
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1.1 Introduction

Huge amounts of various sensor data are already existent within the E/E
architecture (electric and electronic architecture) of vehicles. The data is
transferred via communicating bus systems to steer and control most func-
tionalities of the vehicle. At present, the human controls the velocity and
steers the vehicle by his control loop using his eyes, hands and feet. When in-
vestigating automated driving, environmental in uences such as current traf-
c situation, road conditions and the road network are regarded as control
variables. A novel road condition sensor setup is presented to preventatively
adjust the vehicle velocity and control the active chassis [1, 2].

Various solutions of determining road conditions are already known within
the literature. Utilizing smartphone ASs inside vehicles [3, 4], retro tting ASs
between wheel and spring-damper system [5] or even camera-based road con-
dition detection methods have been published in the past [6, 7, 8]. Instead
of a cost-intensive on-board solution for road condition monitoring with ad-
ditional hardware components or a cost-e ective determination by mobile
phones in a largely unknown position in the driver's cab, the vehicle could
fall back on data from built-in automotive level sensors.

In this paper, we investigate the e ectiveness of simulating the quarter-
vehicle-model to characterize the surface pro le below the tires. Although,
the measuring vehicle cannot benet from the computed information as it
already passed through the road segment, it could bene t from a centralized
platform approach where every vehicle in its common use contributes data
for a road condition cloud platform.

1.2 Experimental Setup

The experimental setup subdivides into three Parts: (A) The Vehicle Level
Sensor as it is part of the Sensor Setup; (B) The Quarter-Vehicle-Model as
it is the substitute model for the vehicle and utilized in the simulation; (C)
The Laboratory Setup to explain the functioning of the sensor setup in the
constructed replica of the Quarter-Vehicle-Model.

[1.2.1 Vehicle Level Sensor

The VLS is a commonly used sensor in the automotive industry to measure
the tilt from the vehicle front to the rear. Its rst application occurred due

to the automatic luminaire width control for headlamp systems to ensure

proper illumination and prevent glare for preceding and oncoming vehicles.
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Figure I1.1: Contactless inductive position sensor in the VLS

This function is mandatory in the EU for all newly registered vehicles [9]. The
sensor data is furthermore used within the adaptive chassis and suspension
system which enables vehicles to adjust to heterogenous road conditions with
respect to safety and comfort [10, 11]. The contactless inductive position sen-
sor inside the VLS displays in Figure Il.1 The sensor measures the rotation
angle and essentially consists of the moving rotor and the xed stator. The
stator implies an exciter coil operated by alternating current. The resulting
electromagnetic eld induces current into the rotor, which in turn generates
another second electromagnetic alternating eld. Both electromagnetic elds
act on the three receiver coils also located on the stator and induce an alter-
nating current dependent on the rotor position. Due to the geometry of the
excitation coll, the induction in the rotor is independent of the position angle
inside the case. In contrast, the induction in the receiver coils depends on
the distance to the rotor and thus on the angle position of the sensor lever.
The electronic assembly performs the induction to angle data provided via
pulse width modulation. The rotor is connected to the actuating lever and
rotates when the VLS moves. The displacement in the spring damper system
can be calculated from the length and angle.

[1.2.2 Quarter-Vehicle-Model

To describe the vehicle dynamics, various in its complexity di erentiating
substitute models ranging from a single-mass oscillator to a full-vehicle-model
are considered. The quarter-vehicle-model is a modelling concept used to
describe the dynamic behavior as vertical oscillation, wheel stroke and chassis
stroke of one wheel including the spring-damper system and a quarter of the
vehicle mass [12]. This model provides su cient accuracy for our sensor
setup. Figure 1.2 shows the physical relationship in the quarter-vehicle-
model on the left side and the constructed replica in component form on the
right side. The yellow vehicle cage and the weights represent the sprung mass
Msprung (Ms) While the wheel and suspension system represent the unsprung
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Figure 11.2: Substitute model and replica of the Quarter-Vehicle-Model

ms 592.7g| ¢ 530.5N/m |ds 115.46kg/s
my 305.7g| c, 6573.8N/m|d, O, negligible [13]

Table I1I.1: Laboratory Setup Parameters

massSMunsprung  (My). The parameters are as shown in Section 11.2.2.

From the VLS angle data, the displacement in the spring-damper-system
between ms and mu can be calculated. Additional to the use of the VLS, an
AS is used within the sensor setup to solve the di erential equations following
in the next chapter.

[1.2.3 Laboratory Setup

The laboratory setup contains of two replicas of the quarter-vehicle-model
which are xed in width and depth and movable in height by linear ball bear-
ings (Figure 11.3). An electronic drive rotates the 3D-printed road elements
on a slewing ring. The rotary motion results in a rotation of the wheels
of the replicas. The circumference of the full surface prole is 1.5m. The
yellow vehicle cages, representing the chassis, have a su cient clearance of
+/-30 mm in vertical direction. Limited by the damper travel of +/-20 mm,

the vehicle model can swing freely without hitting the upper end plate or the
bottom of the box.
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Figure 11.3: Vizualization of the laboratory setup including the surface pro le

1.3 Surface Pro le Calculation

First and foremost, the ability of the laboratory setup to represent the
quarter-vehicle-model must be demonstrated. Forces arise when springs
are compressed or stretched from their rest position Equation (11.1), when
dampers move Equation (11.2) and when masses accelerate Equation (l1.3).

Fe cz (11.1)
Fo d 3 (1.2)
F. m z (11.3)

For the application of the intersection principle, the forces within the
previously introduced Quarter-Vehicle-Model are listed in Figure I1.4. Ac-
cording to Newton, the following di erential equations result for the chassis
mass Equation (11.4) and wheel mass Equation (I1.5).

0 myZ, dup29 Aq e zuq (11.4)
dsm Agq cms 2.9 '

0 mszs dsp® Aq Gy ZQ (1.5)

The double derivation of the displacements of the chassisns displays the
acceleration ofmg Equation (I1.6). The VLS however measures the absolute
distance within the spring-damper system Equation (11.7). Consequently, the
displacement ofm, calculates from the double-integrated acceleration data
as subtracted by the VLS data s Equation (11.8).
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Figure 11.4: Application of the intersection principle for the quarter-vehicle

as Zs (11.6)
" Zs  Zy (1.7)
Zy as S (11.8)

The simulation results show the excitation of the model using the known
3D-printed surface pro le. The simulated values are compared to the mea-
sured values from the sensor setup.

1.4 Results

In this chapter, the displacement the wheel mass mu is simulated and com-
pared with the measured and calculated values from the sensors of the labo-
ratory setup. The experimentally collected vehicle parameters for the simu-
lation are listed in Section 11.2.2. Figure 1.5 shows the surface pro le of the
3D-printed road element extracted from the CAD-environment in red color.

The tire always hits the unevenness orthogonally in the direction of
rolling. The surface pro le is extracted in the center of the tire width. The
blue curve displays the simulated displacement of the whege|. The green
curve displaysz, in the laboratory setup calculated fromas and z. As the
velocity of the laboratory setup is not controlled, there are temporal devi-
ations in x-axis. However, the obstacles within the red surface pro le lead
to changes in the altitude for the measured displacement of mu. Compared
to the simulated results, the measured displacement in maximum amplitude
match with an exception at 2s and from 3.3 s to 3.8s. The frequency however
matches despite the temporal deviations.
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