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Abstract

The development of automated parking functions is reaching a level of automation
that fully relieves the user from the driving task. As the human driver will no longer
serve as a fallback, the safety requirements for highly automated parking functions
increase significantly. Any potential hazard of other road users by the function must be
eliminated to the greatest extent possible. Due to its advantages in distance and velocity
estimation, radar-based environment perception plays a central role in this context.

This thesis presents a method for radar data processing that is tailored to the increasing
safety demands of highly automated parking functions and is applicable at multiple ab-
straction levels. Existing approaches reduce noise inherent to the measurement principle
by applying filtering operations, but in doing so may also remove potentially relevant
information. In contrast, the method proposed here evaluates the criticality of all radar
data within each processing step based on a driving tube that represents the space the
ego vehicle will occupy in the immediate future. Radar data identified as critical are
bypassed around the signal processing chain and thus remain guaranteed available
to the planner. The work considers the complete radar data processing chain, which
derives a spectrum from the raw radar data, then generates a point cloud, radar clusters,
and ultimately object hypotheses. The proposed criticality assessment is designed to
be independent of the respective processing stage. For each stage, specific strategies
are discussed that enable the extraction of further indicators of critical information.
These strategies also extend into the temporal context of previously processed data in
order to recover information that would otherwise have been discarded. In addition, a
systematic procedure is introduced to determine the resulting error rate. The proposed
approaches are evaluated using existing datasets and in a real-world experiment. More-
over, the idea that discarding information may lead to critical situations is transferred
from object detection to motion estimation. For this domain as well, a concept for
recognizing and preventing critical actions is developed and verified.

By performing data processing based on the criticality assessment defined by the
vehicle’s driving tube, the proposed method connects the perception with the planning
function. Together with high-performance radar sensors, it establishes the foundation
for deploying radar sensors in highly automated parking functions with guaranteed
error rates.






Kurzfassung

Die Entwicklung automatisierter Parkfunktionen befindet sich an der Schwelle eines
Automatisierungsgrades, der den Nutzer vollstindig von der Fahraufgabe entbindet.
Da damit der menschliche Fahrer kiinftig als Riickfallebene entfillt, steigen die Sicher-
heitsanforderungen an hochautomatisierte Parkfunktionen erheblich. Eine Gefdhrdung
anderer durch die Funktion muss weitestgehend eliminiert werden. Durch die Vorteile
bei der Distanz- und Geschwindigkeitsmessung kommt der radarbasierten Wahrneh-
mung der Umgebung hierbei eine zentrale Rolle zu.

Diese Dissertation prasentiert eine Methode zur Verarbeitung von Radardaten, die
auf die steigenden Sicherheitsanforderungen hochautomatisierter Parkfunktionen zu-
geschnitten ist und auf mehreren Abstraktionsebenen ansetzt. Bestehende Verfahren
reduzieren das messprinzipbedingte Rauschen durch Filteroperationen, entfernen dabei
jedoch potenziell relevante Informationen. Im Gegensatz dazu bewertet die hier vorge-
schlagene Methode die Kritikalitdt samtlicher Radardaten innerhalb jedes Verarbeitungs-
schritts anhand eines Fahrschlauchs, der den Raum beschreibt, den das Ego-Fahrzeug
in naher Zukunft einnehmen wird. Als kritisch identifizierte Radardaten umgehen die
Filteroperationen tiber Bypasse und bleiben somit garantiert fiir den Planer verfiigbar.
Die Arbeit betrachtet die vollstaindige Radarverarbeitungskette, die ausgehend von
den Radar-Rohdaten zunédchst ein Spektrum, dann eine Punktwolke, Radar-Cluster
und schliefilich Objekthypothesen bildet. Die beschriebene Kritikalitdtsbewertung ist
unabhingig von der jeweiligen Verarbeitungsstufe anwendbar. Fiir jede Stufe werden
spezifische Strategien diskutiert, die das Extrahieren weiterer Hinweise auf kritische
Informationen ermoglichen. Diese Strategien beziehen auch den temporalen Kontext
bereits verarbeiteter Datenmengen mit ein, um zuvor verworfene Informationen wieder-
herstellen zu konnen. Zudem wird eine systematische Vorgehensweise zur Bestimmung
der resultierenden Fehlerrate vorgestellt. Die Ansédtze werden sowohl anhand beste-
hender Datensétze als auch in einem Realexperiment evaluiert. Dartiiber hinaus wird
die Annahme, dass das Verwerfen von Informationen zu kritischen Situationen fiithren
kann, von der Objekterkennung auf die Bewegungsschdtzung tibertragen. Auch hierfiir
wird ein Konzept zur Erkennung und Verhinderung kritischer Aktionen entwickelt und
verifiziert.

Indem die Datenverarbeitung auf Basis der durch den Fahrschlauch des Fahrzeugs
vorgegebenen Kritikalitdtsbewertung vorgenommen wird, verbindet die vorgestellte
Methode Wahrnehmungs- und Planungsfunktion. Zusammen mit leistungsfahigen
Radarsensoren schafft sie damit die Grundlage fiir den Einsatz von Radarsensoren in
hochautomatisierten Parkfunktionen mit garantierten Fehlerraten.
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1 Introduction and Motivation

This chapter presents major challenges in the area of perception systems for parking
functions with a high level of automation'. Section 1.1 highlights the current situation:
although mature functions exist, their functional safety is still insufficient for market
release as highly automated parking functions. The importance of the perception
component for ensuring functional safety is a key motivation of this thesis. The research
problem arises from the critical role of the perception component and is formulated in
Section 1.2. Finally, Section 1.3 provides an outline of the content of this thesis.

1.1 Motivation

Today’s society strives for safe, fast, and convenient individual transportation. Vehicle
passengers should experience a comfortable and, ideally, brief travel time. Parking
is often an unpleasant part of the journey, first because the passenger’s destination
has already been reached, and second due to the difficulty of the parking task, which
may involve maneuvering through narrow and poorly illuminated environments. The
potential to enhance user satisfaction by relieving passengers of the parking task is
substantial.

These needs are addressed by offering functions that can assume the parking task
through lateral and longitudinal vehicle control. Such systems typically comprise three
major components, following the sense-plan-act paradigm [Bro91]:

* A perception system that continuously monitors the vehicle’s environment to
enable adaptation to other traffic participants.

¢ A planning system that generates policies for core driving tasks, such as naviga-
tion, guidance, and control [Don82].

* An actuation system that extends existing actuators, such as the drivetrain, braking
system, and steering, with control interfaces.

Many partially automated parking functions are already available on the market [Gee21;
Mer24]. The associated safety risk induced by these partially automated functions is
low, as a human driver continuously monitors the environment. If the planning system
makes decisions that could lead to collisions or endanger other traffic participants, the
human driver can intervene and override the system’s control actions. Moreover, if the

1 Formal definition of automation levels given in Subsection 2.1.3.
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function reaches its operational limits, it can request the human driver to take over the
parking task. However, a major hurdle for highly automated parking functions that no
longer require a driver is that all such situations must be managed autonomously by
the system.

Current approaches demonstrate that assisted functions in both the parking and the
driving domain are already capable of confidently handling a variety of scenarios. At
the same point, these functions are expected to exceed the reliability of a human driver,
even in unforeseen situations. A recent survey on the confidence in fully automated
driving functions revealed that people believe vehicles with such functions will increase
safety in road traffic (mean: 6.24/11 on Thurstone scale)[Wei+21]. Furthermore, they
would rather trust a fully automated vehicle than today’s driver in road traffic (6.09/11).
While the release of functions with high automation levels remains restricted in Europe,
companies such as Waymo are already conducting large-scale fleet experiments in
urban areas of the United States [Way25]. A recent study compared failure rates of the
"Waymo Driver" with human driver error rates in the same region. The Waymo system
achieved 0.6 incidents per million miles, whereas the incident rate of human drivers was
determined to be 2.1 incidents per million miles [Kus+24]. Assuming an average speed
of 15mph, Waymo achieves an approximate incident rate of 1 x 10° h~'. However,
automotive safety standards [Int18] demand failure rates as low as 1 x 10° 1. This
shifts the challenge in the development of automated driving functions from handling
typical scenarios within the intended Operational Design Domain (ODD)? to ensuring
safe operation in all circumstances, including potentially unknown ones.

These expectations impose new requirements on the safety and accuracy of the percep-
tion, planning, and actuation systems. As the risks involved in the parking domain are
generally lower than those in urban or highway driving scenarios, automated parking
functions may be introduced earlier than highly automated driving functions and pave
their way for production readiness. Nevertheless, it is essential to recognize that par-
ticularly Vulnerable Road User (VRU)s® may still be severely injured during incidents
in parking environments. According to the National Highway Traffic Safety Adminis-
tration (NHTSA), 60,577 pedestrians were injured and 7,388 pedestrians were killed in
traffic crashes in 2021 [Nat23]. A study conducted in the state Colorado reported that
10.4 % of all pedestrian crashes occurred in parking lots [GO 12]. In North Carolina, the
share was 9.4 % [TLF14]. The city of Toronto reported that "pedestrian hit in parking
lot" was the cause of 11 % of all pedestrian crashes [Bas+15]. Although the statistics do
not report the number of injured or killed VRUs in parking garages, the existence of a
relevant hazard can be reasonably assumed.

The number of collisions involving pedestrians in the context of automated parking
functions highlights the critical importance of robust VRU detection for the planning
system to generate safe trajectories. In the perception systems of highly automated
functions, the integration of various sensor modalities is standard practice. The most

2
3

Formal definition given in Subsection 2.1.3.
Formal definition given in Section 2.2.
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important technologies include camera, lidar, ultrasonic, and radar sensors [WWN20].
Due to their use of ultrasonic wave propagation through air and the resulting limited
range [Kin+00], ultrasonic sensors are primarily employed for near-range obstacle detec-
tion. Consequently, they are unsuitable for object detection during transfer maneuvers.
During transfer maneuvers, the vehicle travels from the entrance of a parking garage
to the parking space assigned to the vehicle by the backend management system. The
remaining sensors — camera, lidar, and radar — are all capable of object detection in
higher distances. However, camera performance degrades under poor illumination or
low contrasts, such as when a pedestrian wears dark clothing in shadowed environ-
ments [Gha+24]. Lidar signals, while accurate under ideal conditions, suffer significant
attenuation in the presence of rain or fog [Dre+23]. Although this is less common in
indoor parking situations, it poses a substantial drawback in adverse weather conditions
that affect other highly automated driving domains.

Radar sensors, by contrast, are more robust under adverse weather conditions, being
less affected by fog and rain [Nor+20]. Moreover, unlike camera and most lidar systems,
radar systems can directly measure the Doppler velocity of the reflection, its velocity
component with respect to the sensor [Ric22]. As a result, radar sensors have become
widely adopted in automotive perception systems. While radar can detect the presence
of objects independently, its limited object classification capability [Sch+20a] necessitates
fusion with other sensor modalities, such as cameras [Yao+24].

The reflection behavior of radar waves depends heavily on the material composition of
the object. The lower the energy absorption and the higher the relative permittivity ,,
the better the object reflects radar waves [KC20]. For example, materials with a high
water content and metallic surfaces are strong reflectors. While the former facilitates
VRU detection, the latter assists in recognizing bicycles or vehicles. However, metal
structures may also elevate the overall reflected signal power and increase noise levels
in the received signal. Signal processing filters can mitigate these effects by suppressing
unwanted noise. Up to now, radar information that is likely to represent noise has
often been removed. The probability of noise is higher for signals measured with low
reflected power without supporting evidence in their spatial neighborhood. However,
this approach may result in weak reflectors being absent from the final output of the
radar processing. If such reflectors correspond to objects that require a response from
the automated function, this filtering can create a safety hazard.

Automated parking functions operate in environments such as parking garages, where
radar sensors must contend with metal-rich infrastructure including pillars, ceiling and
fencing. Effective radar data processing is thus essential to manage these challenges.
When radar sensors serve as the primary sensing modality for highly automated parking
functions, they must not only achieve high detection performance but also ensure the
safety of the object detection. Quantifying the rate of missed detections is crucial to
meet stringent safety targets associated with high levels of autonomy. Accurate and
safe perception protects the lives of VRUs in parking facilities, fosters public trust in
automated systems, and enhances the customer’s confidence in automated vehicles.
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1.2 Safety Guarantees on Radar-Detected Objects

This thesis addresses the problem of safe radar-based object detection, which can be
interpreted as hypothesis testing problem. Hypothesis testing introduces two types
of errors, both of which are central concepts in this work. Incorrect decisions in the
hypothesis testing process can lead to unsafe behavior of the automated function.

The notation of [NP33], who first described these error types, is adopted in the following.
A null hypothesis is defined as follows: "The observation area is free; i.e., no object
or structure is present at the position (zopj, Yobj)". The radar measurement may either
support or contradict this null hypothesis. Depending on the truth value of the null
hypothesis and the system’s decision to accept or reject it, errors of type I or type Il may
occur.

Definition 1.1 (False Positive (FP) detection (Type I Error))

The null hypothesis is rejected, meaning that an object is suspected to be present at the
position (zopj, Yobj), although the null hypothesis is actually true.

In this case, an object is erroneously detected. For the automated parking function, this
means that the planner’s intended trajectory is unnecessarily inhibited. While this may
lead to deadlocks or reduced system robustness, it typically does not result in harm of
other traffic participants.

Definition 1.2 (False Negative (FN) detection (Type II Error))

The null hypothesis is accepted, meaning that no object is suspected to be present at
the position (zopj, Yobj), although the null hypothesis is actually false.

A type II error results in a hazardous situation if a present object is not detected and
thus not incorporated into the planning task of the automated parking function. Type
II errors in radar perception can propagate through the planning and acting stack,
potentially leading to a violation of a safety goal under International Organization for
Standardization (ISO) 26262, thereby necessitating guarantees at the sensor level.

Definition 1.3 (Hazardous Situation)

A hazardous situation is defined as a scenario in which an unsolved conflict arises
between the policy of an automated vehicle and the intention of a traffic participant,
and where injury of this traffic participant is likely if no action is taken.
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Type I errors may trigger unnecessary braking or deadlocks, contributing to user dis-
satisfaction and reducing trust in the system. Excessive occurrence of this error type
can lead to degraded user experience and may trigger inappropriate fallback behavior.
However, in contrast to type Il errors, type I errors can be tolerated to a certain extent
because they do not create immediate safety risks. In partially automated functions,
radar measurements are typically filtered to reduce the occurrence of type I errors to an
acceptable level. In doing so, a limited number of type II errors may be tolerated as a
trade-off.

This thesis proposes a radar data processing approach designed to eliminate type II er-
rors that originate from the removal of valid information early in the processing pipeline.
A core hypothesis of this work, subject to formal validation, is that object detection can
be rendered safe by incorporating safety awareness into radar data processing. Safety-
relevant information could be preserved throughout the radar processing pipeline. By
doing so, the type II error rate can be reduced sufficiently to meet safety requirements.
Moreover, safe radar perception depends on the presence of information about relevant
objects in the raw radar data. If such information is absent at the sensor level, it cannot
be recovered later in the signal processing pipeline. Consequently, radar sensors must
provide a baseline level of fundamental detection performance. Type II errors caused by
missing raw signal information fall under the domain of sensor hardware development
and are outside the scope of this thesis.

1.3 Structure

An overview of the content of this work, divided into eight chapters, is provided
below to facilitate comprehension of its structure. An illustrated version is provided
Figure 1.1.

Chapter 2 introduces and clarifies the terminology used in this work. The elements of
environmental perception formulated by the six-layer model are outlined. As this thesis
specifically addresses radar data processing, another section describes the processing
steps from the received radar echo to an object hypothesis. Moreover, mechanisms
leading to erroneous radar detections and noise points are discussed. A review of the
recent state of research is also provided, which is fundamental for deriving the research
gap and resulting research questions.

In Chapter 3, a method is developed to estimate the criticality of radar measurement
data based on the current motion state of the vehicle and the trajectory provided by the
planner. The trajectory can be interpreted as a driving tube, representing the area that
the vehicle will occupy in the immediate future. The criticality of radar measurement
information is derived from its position within the driving tube. The drive-tube-based
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Figure 1.1: Structure of the thesis, showing the first- and second-level headings. The pillars represent the
research contributions of this work.

criticality evaluation can be applied at different processing levels of the radar system
and is capable of incorporating additional attributes such as velocity measures.

One of the earliest steps at which radar data processing can be adapted is the peak
detection in the radar spectrum. Chapter 4 introduces a method that intervenes at
this step by modifying an established algorithm for peak detection, thereby providing
a safety-aware process. This detection approach is intended to ensure that critical
but weak peaks are detected while avoiding noise detections, particularly in regions
with minimal impact on the automated function. To achieve this, previous radar
measurements are revisited to search for evidence on object presence. In addition, this
chapter presents an experiment evaluating the effectiveness of this methodology.

Chapter 5 discusses the criticality-aware filtering of radar point clouds. Each point in
the cloud receives a criticality score. The filter criteria of default filters are reduced or
suspended in regions where critical points are identified. This enables the reintroduction
of points into subsequent processing, even if they were filtered out by default. An exper-
iment demonstrates the effect of the approach. Furthermore, the chapter discusses how
safety of the perception function can be quantified by counting perception malfunctions
that contribute to hazardous situations.
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Chapter 6 proposes concepts for utilizing the criticality evaluation of points to adapt the
downstream algorithms that generate objects based on the point cloud. These objects
represent the final stage of radar data processing and serve as input to the automated
function. All traffic participants requiring a response from the automated function
must be included in this object list. Two modifications are introduced: one adapts the
clustering method, and the other accelerates the generation of a hypothesis if a point
is sufficiently critical. Since critical scenes with pedestrians and corresponding radar
data are not yet covered by existing datasets, a dedicated dataset is recorded to enable
conclusions regarding the performance of these approaches.

In Chapter 7, the concept that some radar points in the cloud are more crucial for safe
behavior than others is transferred to radar odometry. The algorithm for estimating
the ego vehicle’s longitudinal velocity is first introduced. With this setup, erroneous
estimates are identified in an existing dataset, particularly in environments that chal-
lenge the radar sensor, such as tunnels or construction sides with close metal guard
rails. Methods are presented to identify and mitigate failures in radar odometry esti-
mation that could have hazardous consequences. This chapter demonstrates that the
problem arises across all domains in which sensor data are used to guide the vehicle,
extending beyond object detection, which is arguably the most intuitive application of
criticality-aware radar data processing.

Chapter 8 concludes this work by recapitulating its most important findings and sum-
marizing its contributions to the field. Furthermore, it outlines future research directions
that build upon these contributions.






2 State of the Art

This chapter establishes the theoretical and technical foundation of the present work.
Since this thesis addresses an automotive context, the system under consideration is
assumed to be integrated into a vehicle, hereafter referred to as the ego vehicle.

Definition 2.1 (Ego Vehicle)

The ego vehicle is the vehicle equipped with radar sensors that generate radar measure-
ment data. It serves as the center of the environmental model constructed from these
sensors. This environmental model is a central component that enables automated
functions within the ego vehicle.

Section 2.1 introduces fundamental mathematical concepts, such as coordinate systems
and motion models. Since the requirements and limitations of the perception system are
derived from the functionality of the targeted application, this section also outlines the
relevant terminology. The perception system observes the environment surrounding
the ego vehicle, which is structured according to the six-layer model. The role of radar
sensors in fulfilling this perception task is described in Section 2.2. Following this,
Section 2.3 explains the operational principle of radar sensors, including the signal
processing chain that transforms raw measurements into intermediate representations
such as radar spectra, point clouds and an object list. This object list serves as an
input to the planning subsystem. Given that the objective of this work is to integrate
safety considerations into the perception task, which contributes to an end-to-end safe
automated function, Section 2.4 introduces the key concepts of vehicular safety and the
applicable international norms. The literature review in Section 2.5 provides insights
on the current state-of-research in the fields that are relevant for the aspects covered
in this work. Finally, Section 2.6 discusses the strengths and limitations of existing
work, identifying research gaps, such as linking planner’s intentions to the radar data
processing. The research questions of this work are derived from the insights gained in
this chapter.

2.1 Fundamentals

This section outlines the foundational assumptions underpinning this work. Subsec-
tion 2.1.1 defines the coordinate systems used throughout the methodology, including a
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description of the various coordinate frames and their transformations. Subsection 2.1.2
presents the motion models applied to estimate the ego vehicle’s trajectory based on
discrete measurements from onboard sensors. In particular, the Constant Velocity
(CV), Constant Turn Rate and Velocity (CTRV), and Constant Turn Rate and Accelera-
tion (CTRA) models are discussed. Finally, Subsection 2.1.3 introduces the automated
parking function including its ODD. This subsection bridges the gap between signal
processing in perception and the downstream modules for planning and control.

2.1.1 Coordinate Systems

The interaction between sensor data that perceive objects in the environment and
data measured by the ego vehicle introduces multiple coordinate systems. The vehicle
coordinate system is the most relevant coordinate frame applied in this work. Its origin
is located in or on the ego vehicle. All sensor coordinate systems are dependent on the
vehicle coordinate system. In the literature, two widespread vehicle coordinate systems
are used: the one specified in ISO 8855 [Int11], and the one specified in Society of
Automotive Engineers (SAE) International (SAE) J670 [SAE22]. The convention adopted
in this work is ISO 8855. This standard defines the x-axis as pointing forward, the y-axis
as pointing to the left, and the z-axis as pointing upward. The rotation around the x-axis
is referred to as the roll angle, the rotation around the y-axis as the pitch angle, and the
rotation around the z-axis as the yaw angle. ISO 8855 defines the reference point to be
located somewhere within the vehicle’s sprung mass. In contrast, a slightly modified
variant is applied in this work, which locates the reference point at the center of the rear
axis on the ground (z = 0). The advantage of this definition is that the z-positions of
objects external to the vehicle can be determined independently of the vehicle’s current
damper compression. This simplifies the intuitive understanding of spatial relations in
the environment. However, if the z-position becomes relevant, the deviation from ISO
8855 must be taken into account. For the purpose of this work, in which environmental
data is mostly transformed into a 2D plane using either (r, ¢) or (z,y) coordinates, this
definition proves to be effective.

Additionally, the odom coordinate system is employed as a stationary reference frame.
Its origin coincides with that of the ISO 8855 coordinate system but is fixed at the
start point ¢ = ¢. Positional shifts resulting from ego vehicle motion, estimated using
wheel-speed sensors and the yaw rate sensor, are added to this initial point applying
the motion models outlined in the following Subsection 2.1.2. The world coordinate
system is also stationary. It defines the position of the vehicle coordinate system within
the environment. Due to inaccuracies in the localization process, the odom frame drifts
from the world frame over time. However, for the investigated area, this deviation is
negligible. The odom frame would coincide with the world frame in the hypothetical
case of perfect odometry without measurement errors.

The sensor coordinate system uses the sensor’s center as its origin. This coordinate
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system is defined as a static transformation relative to the vehicle coordinate system. For
radar sensors, measurements are typically acquired in polar coordinates, which can be
converted to Cartesian coordinates.

The ISO 8855 vehicle coordinate system, the odom and world coordinate systems, and the
sensor coordinate system (exemplary for the front left radar sensor) are illustrated in
Figure 2.1.

T sensor

y Ysensor

>
>

C > X

Figure 2.1: Overview of the coordinate systems used in this work: odom (black lines), world (grey lines), vehicle
(blue lines), and sensor (red lines).

2.1.2 Vehicle Model

To determine the position of the ego vehicle in the odom coordinate frame, the CTRV
vehicle model is employed. This model discretizes the vehicle’s motion states S and
assumes constant velocity v, and constant yaw rate w;, between two time steps. Each
vehicle state is defined as S = [Zodom> Yodom, ¥ ¥, w]. By applying the time difference At
between two time steps k and k + 1, the consecutive state S[k + 1] of the vehicle can be
computed using the following formula:

Zodom |k + 1] z[k] + cosp - v[k + 1] - At
Yodom |k + 1] y[k] +sing - v[k + 1] - At
SCTRV[k + 1] = ’U[k‘ + 1] = ’U[k’ + 1] . (2.1)
olk + 1] wlk] + wlk + 1]At
wlk + 1] wlk + 1]

This simplified formula assumes linear motion rather than circular motion, which is a
valid approximation for sufficiently low yaw rates w. The CV model is a special case of
the CTRV model where w = 0.
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In some vehicles, acceleration is directly measured using simple and low-cost accelerom-
eters. In such cases, the CTRA motion model may be applied. Since spatial position in
this model is derived via double integration, the impact of measurement noise is more
pronounced than in the CTRV model. The corresponding state equations are:

Zodom|[k + 1] z[k] + 1 cos - v[k] - At
Yodom [k + 1] ylk] +sing - v[k] - At
Scrralk+1] = Z{Z i H _| W +a?,£k++1]” A (2.2)
plk +1] o[k] + wlk + 1) At
wlk + 1] wlk + 1]

In this thesis, these motion models are also used as state models in radar object tracking,
as described in Subsection 2.3.5. This step in the processing of radar data produces
motion estimates for each object hypothesis, based on previous state estimates and
the latest radar measurement. The motion models introduced in this section are well-
suited for the movement of VRUs [Bor+25]. More advanced concepts of VRU motion
prediction incorporate motion patterns learned via Convolutional Neural Network
(CNN)s, head orientation, the presence of other road users, and various environmental
aspects [Gho+22]. While these methods may provide more accurate trajectory estimation
than the CTRV model, most of the required input features are not available from radar
data, limiting the applicability of such methods in this context.

2.1.3 Automated Valet Parking

This work presents an approach for safety-aware processing in automated parking
functions. This subsection defines the terminology and scope of the function for which
the considerations of this work are valid.

Definition 2.2 (Automated Driving Function [Win+24])

An automated driving function in the automotive context takes over tasks such as the
longitudinal and/or lateral control of the vehicle, thereby partially or fully disengaging
the driver from the driving task. It operates vehicle actuators, such as steering or
braking system. The control outputs are determined by the automated driving function
using information obtained, for example, from maps or perception sensors. The driver
can override the automated driving function at any time.

Automated functions can be categorized into various levels of automation. A widely
adopted classification is defined by the SAE J3016 standard [SAE21]. If the automation



2.1 Fundamentals 13

level does not correspond to the highest level (SAE Level 5), the functionality is limited
to operating within its function-specific ODD.

Definition 2.3 (Operational Design Domain (ODD) [SAE21])

Operating conditions under which a given driving automation system or feature
thereof is specifically designed to function, including, but not limited to, environ-
mental, geographical, and time-of-day restrictions, and/or the requisite presence or
absence of certain traffic or roadway characteristics.

Further distinctions can be made based on the operational environment. Automated
driving functions typically perform driving tasks on public roads, such as in urban,
rural or highway scenarios, while automated parking functions are responsible for ma-
neuvering the vehicle into a parking space after it has reached its destination. The
primary differences between automated driving and automated parking functions are
the expected speeds of surrounding traffic participants, which are generally lower in
parking environments, and the significantly higher demand for positional accuracy in
parking maneuvers.

In most automated functions currently on the market, the driver is still required to
continuously monitor the system and remains responsible for its decisions. This corre-
sponds to SAE Level 2 of the automation classification [SAE21]. However, a setup in
which the driver must remain present during the parking procedure is only condition-
ally useful in parking situations. In contrast, the introduction of highly automated SAE
Level 4 functions for parking use cases appears particularly beneficial.

Definition 2.4 (SAE Level 4 Function)

An SAE Level 4 function (hereafter called Level 4 function) is capable of operating the
vehicle without the requiring human driver intervention [SAE21]. Consequently, the
function can operate without a driver within a defined ODD. If the Level 4 system
encounters boundaries beyond its operational scope, it transitions to a predefined safe
state.

The Automated Valet Parking (AVP) system considered in this work is specified by ISO
23374 and is classified as a Level 4 function [Int23]. It enables passengers to exit the
vehicle at a designated drop-off location prior to the commencement of the parking
towards a parking lot distributed by the parking facility and identified by a parking
lot Identifier (ID). Similarly, upon request, the system autonomously exits the parking
lot, navigates through the parking garage, and allows passengers to board the vehicle
comfortably at the pick-up location.
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AVP systems can be categorized into two distinct architectural approaches, which differ
in the tasks taken by the Original Equipment Manufacturer (OEM) and the facility
operator. These are contrasted in Table 2.1. However, hybrid or mixed implementations
combining characteristics of both types are also possible [Ban+17].

Table 2.1: Comparison of AVP Type 1 and AVP Type 2 (adapted from [Kra22]).

AVP Type 1 AVP Type 2
Perception Sensors Mounted at vehicle Mounted in parking facility
Map required by vehicle E;sc(riir;;zzfgieved II:I; fﬁﬁ:;g handled
Route / Trajectory Planning By vehicle By facility backend
Object Detection Mainly by vehicle By facility backend
Localization By vehicle By facility backend
Low ooeime b sy
Effort for OEM High Low
Effort for facility operator Low High
Liable in case of incidents OEM Facility operator

The maximum admissible speed vmayx, domain Of the system is decisive for the hazard
posed by the AVP function, especially if operation in mixed traffic is considered. Such
mixed traffic is found, e.g., in a parking garage used by both vehicles controlled by
an automated function and manually driven vehicles [Ger23]. In such cases, VRUs
such as pedestrians approaching and leaving their parked vehicle are a permanently
present object type that needs to be handled by the function. In the section on basic
performance requirements, the ISO 23374 standard [Int23] specifies a maximum speed
Of Umax, domain = 30 km/h. This limit is also adopted in the position paper [Ger23] and is
well suited to the characteristics of present SAE Level 2 automated parking systems for
the Chinese market. In contrast, European systems often operate at a lower maximum
speed to ensure user safety in the event of a malfunction.

An AVP system typically comprises several functional components: an environmental
model, consisting of detected objects and an ego vehicle location, a mission control,
also called routing, behavior and motion planning, and vehicle control [Ban+17]. This
thesis concentrates on safety risks that arise from the perception function. Therefore,
the components and stages related to perception elements are described in detail in the
following sections.
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2.2 Perception Sensors

The foundation for all actions performed by an automated vehicle’s function is an
environmental model, which typically consists of various types of information. All data
required for safe planning decisions can be assigned to one of the layers within the
six-layer model [Sch+21a]. Table 2.2 lists all layers along with exemplary components
and facilities in the vehicle providing information about the respective layer.

Table 2.2: Distribution of environmental information across the six-layer model.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
Description  Road Traffic Temporal Moveable  Environmental Data and
Infrastruc- Modifica- Objects Conditions Commu-
ture tions of Street nication
and Infras-
tructure
Examples Road Traffic Construction  Cars, Fog, Sun dazzling  Car-to-
width, signs, side fences, Trucks Infrastructure
road speed obstacles
surface bumps
Additional - - - - Temperature Wireless
informa- sensors, humidity — networks
tion source Sensors, light
intensity sensors
Map X X - - - -
Camera - X X X X -
Sensor
Radar Sen- - - X X X) -

sor

As shown, the road level in layer 1 and traffic infrastructure level in layer 2 are typically
part of an High-dimension (HD) map. In current research, there are investigations into
automated functions that can operate without an HD map [Ort+20]. Nevertheless, since
the components of the first two layers are static, they seldom fall within the domain
covered by perception sensors. In contrast, layer 3 contains temporary modifications
of layers 1 and 2, under which are obstructions in the drivable space, such as parking
vehicles, poles, or guardrails. The elements of this layer, referred to here as geometries,
must be measured by perception sensors. However, a failure to detect geometries is
generally not safety-critical in the parking domain, as it would only result in material
damage, even in the case of a significant misinterpretation of sensor data. Instead,
hazardous situations primarily arise from VRUs.
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Definition 2.5 (Vulnerable Road User (VRU) [Shil7])

A VRU is a traffic participant who is not protected by seat belts or the structural shield
of the vehicle, unlike a passenger in a car or truck. VRUs are primarily riders of
two-wheeled motorized vehicles such as mopeds, motorcycles, and scooters, as well
as bicyclists and pedestrians. The risk of injury for a VRU in the event of a collision
with a vehicle is significantly higher compared to other traffic participants.

VRUs are a subclass of layer 4 (moveable objects). In most automated functions, the
contents of layer 4 are represented as a list of objects.

Definition 2.6 (Object [Win+24; Sch+21a])

The final product of a perception system that represents elements of the fourth layer is
called object. Typically, an object includes a position, a velocity, and class estimate. It
may also contain additional attributes such as dimensions and an existence probabil-
ity. An object originates from an object hypothesis derived from measurement data
gathered by perception sensors.

An object constitutes the final stage of signal processing within the perception system,
which is then used by the planner to determine its policy. The accurate and comprehen-
sive use of data acquired by perception sensors is essential to ensure the integrity of all
layer 4 elements.

Attributes of layer 5 should also be estimated by perception sensors but are mainly
used for holistic interpretation of the driving scene. They do not immediately entail
safety-relevant tasks. In contrast, layer 6 attributes are obtained by the vehicle via
telecommunication systems such as cellular networks.

In summary, the six-layer model applies the concept of describing the environment in
sets of instances. For the dynamic parts of the environment, these sets are also known as
agent sets [Jia+23] or object lists. The approach is also a major element of architectures for
automated driving [Ras+22] and part of standards, e.g., OpenSCENARIO®[ASA22].

2.3 Radar Sensor Data Processing

This section describes the individual steps of radar data processing, beginning with
the received radar echoes and concluding with an object list representation. In this
work, the term radar data refers to information generated at different stages of the radar
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processing chain, that are introduced below. Radar signals are considered a specific
subset of radar data corresponding to early-stage signal representations.

Definition 2.7 (Radar Signal)

A signal is a function of time that represent the evolution of one or more independent
variables [Bou06; Sun24], typically time. In the context of radar systems, a radar signal
denotes the electrical or digital representation of electromagnetic waves received by
the radar sensor, particularly in the early stages of the radar processing chain [Ric22].

As automated parking functions generally operate using high-level representations
of the environment, a multi-stage processing of the radar data is required. Various
references describe radar data processing pipelines for object detection [Eng+21; Mar22;
Win+24]. Maintaining an object list requires associating newly detected object candi-
dates with previously identified objects and continuing their observations using tracking
algorithms [SM23]. The referenced works differ in the granularity of signal processing
and the definition of the endpoint of the processing pipeline. For the purposes of
this work, a tailored overview is synthesized from the aforementioned literature. The
complete radar data processing pipeline is illustrated in Figure 2.2. The processing
chain considered begins with the wave arriving at the receiver antenna and ends with
an object list. The intermediate outputs of each processing step are indicated along the
transition arrow.

This section starts with a definition of radar signal noise in Subsection 2.3.1. Subse-
quently, Subsection 2.3.2 provides an overview about general radar signal processing,
including the required Digital Signal Processing (DSP) and radar characteristics. An
important intermediate product of radar data processing is the radar point cloud. The
clustering and tracking algorithms described in Subsection 2.3.4 and Subsection 2.3.5
are based on this point cloud and are used to generate cluster centroids and object
hypotheses, respectively. The planner receives these hypotheses in the form of an object
list.

2.3.1 Radar Noise

Noise in signal processing is a component of the received signal which corrupts the
wanted signal. Noise operates mostly as an addition or multiplication to the wanted
signal. Details about noise in signal processing can be found in [Tuz02]. Consult [Wil90]
for an in-depth discussion about signal recovery, which is — for radar signals — usually
performed during the early signal processing.

Radar signals are subject to various noise effects. Two sources of radar noise can be
distinguished: noise received through the antenna and noise generated in the radar
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(2D-FFT + MUSIC)

Peak detection (CA-CFAR)

Point cloud

Clustering

(DBSCAN)

Tracking (Kalman filter)

Object list

Apply mixing, amplifying, analog-digital conversion, and interference mitigation.

Signal in time domain

Apply windowing, determine range/velocity samples, estimate azimuth angle.

RAD spectrum

Detect peaks and group them, estimate parameters such as SNR.

Group the points, determine cluster centroids.

Cluster centroids

Associate cluster centroids to existing tracks

Figure 2.2: Radar data processing pipeline, illustrating the steps from the reflected wave to the object list.

receiver itself [Ric22]. Both external and internal noise lead to a higher noise level,
causing FN detections. The complex mechanisms of wave propagation make it difficult
to process and remove these disturbances. Research has addressed the impact of phase
noise, which causes the oscillator to produce an imperfect sinusoidal wave, resulting in
a widened central peak and distorted sidebands [Sid+19]. Recently, a comprehensive
analysis of multiple noise factors affecting 4D radars was published, categorizing the
reasons for the occurrence of noise into distinct types [Cha+25]:

1. Piece to Piece: Sensor-specific variance arising from the manufacturing process.

2. Change over Time: Aging effects in electronics and mechanical components, such
as the radome.

3. Usage: Noise caused by integration into the vehicle, including imprecise calibra-
tion, mechanical vibration, and contaminants.

4. Environment: Noise induced by the adverse weather conditions, ground clutter,
and multipath reflections, potentially resulting in ghost objects.

5. System Interaction: Disturbance caused by interaction with other systems, such as
instable power supply, interference with signals from other electronic devices in
the vehicle, or reflections from the vehicle’s own bodywork.
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Noise can lead to both FP and FN errors. FN errors occur if the noise level is increased,
thus, weak reflections may be suppressed, as elaborated in Section 4.1, and the signal
does not result in a detection point. FP points can, e.g., result from clutter effects or
high-frequency disturbances. While some noise effects cannot be directly controlled,
others can be mitigated to varying degrees. For instance, interference can be reduced
using tensor decomposition techniques applied to the received signals [Wan+24b],
and multipath propagation effects [Zhe+24] can also be addresses through advanced
processing methods.

Interference is becoming increasingly significant due to the growing number of radar
sensors deployed in automotive applications. It is caused by external sources of radio
waves, primarily other radar sensors operating at similar frequencies, which affect the
received signal and raise the overall noise level. Multipath propagation is a natural
property of electromagnetic waves. While it can sometimes be exploited advantageously,
such as in the detection of concealed objects, it can also lead to ambiguity. For exam-
ple, reflections originating from ground clutter or mirror effects may generate false
detections if the actual source of the signal is indeterminable.

Figure 2.3 illustrates these effects. On the left hand side, a True Positive (TP) pedestrian
produces a FP, so-called ghost detection, due to a mirroring effect. Clutter can similarly
cause additional FPs when the wave propagates directly or via indirect paths. A strong
reflector such as a car can absorb the weak reflections of a pedestrian. As a consequence,
this pedestrian is not detected (FN). On the right hand side, an example shows how
signal processing can benefit from multipath reflections. Even occluded objects can be
detected via reflections between the ground and the undercarriage of the occluding
vehicle.

Free Space does not
provoke a detection (TN)

™

Clutter (FP) Detection despite
Occlusion (TP)

Absorbance of Weak .~
Reflector (FN) Cé

’
Ghost A '
Detection (FP) i~ A

Figure 2.3: Environmental effects leading to erroneous detections [Cha+25], causing FP and FN detections
(red). Direct and indirect multipath reflections, clutter, and absorption contribute to these effects.
Multipath propagation, however, can enable TP detections (example in blue).

A substantial body of research is dedicated to processing these complex signals to better
associate ghost targets and TPs [LS22; Zhe+24]. However, safety-aware frameworks
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processing points that lead potentially to a hazardous situation, even if these points
could not be assigned to ghost or multipath reflections, remain underdeveloped.

2.3.2 Radar Raw Signal Processing

During the development of automated driving functions such as Adaptive Cruise
Control (ACC) or Automated Emergency Braking (AEB) systems, radar sensors were
identified as a suitable solution for object detection. Originally used primarily in military
applications, radar sensors were particularly valued for their long range and ability
to measure relative velocities. These features are also required for highway driving
scenarios.

The working principle of radar sensors is to transmit radio waves that are reflected
by obstacles and objects in the environment. The reflected waves are evaluated by the
DSP and processed to generate an environmental representation containing information
about geometries and objects. In addition to enabling collision-free path planning, the
resulting data can also be used for the ego vehicle’s localization and motion estimation.
The received signal power Py of the reflected wave can be calculated using the radar
equation [Gam20], Equation 2.3. It depends on the transmission power Piansm, the
antenna gains of the transmitting and receiving antennas Giansm and Grec, respectively,
the wavelength ), the Radar Cross Section (RCS) of the reflector o, and the range r
between the sensor and the reflector.

2
P — Ptransm ) Gtransm ) Grec Ao
(47)3 -4

(2.3)

The RCS is a key parameter in this work for distinguishing radar points, and is therefore
defined below.

Definition 2.8 (Radar Cross Section (RCS))

The RCS of a target is the fictional area intercepting that amount of power which,
when scattered equally in all directions, produces an echo at the radar equal to that
from the target [Sko+80].

The RCS is characteristic for each instance reflecting the radar wave. Its value relates
the reflection properties of the target to those of an isotropic reference reflector, typically
a sphere with perfect conductive properties. As described later, the RCS is derived from
the peak amplitude of the reflected signal in the frequency spectrum.
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Historically, two frequency bands have been used for radar perception sensors: 24 GHz
and 77 GHz. The advantages of 24 GHz sensors include moderate costs and low signal
absorption. However, due to the limited maximum bandwidth of only 200 MHz and the
resulting poor range resolution, these sensors are no longer suitable for perception tasks
in complex, highly-automated Level 3 and 4 functions. Moreover, the European Union
has mandated a gradual phase-out of the 24.25 — 26.65 GHz frequency band since 2022
[ETS20].

The higher frequency of 77 GHz systems results in smaller antennas, allowing more
antennas to be integrated into a single sensor. This increased antenna density improves
angular resolution. Currently, Frequency-Modulated Continuous-Wave (FMCW) radars
dominate the market. These systems transmit multiple so-called frequency chirps to
compute the range, velocity, and angle of reflections. Details regarding the opera-
tion of FMCW radar sensors are provided by [Jan18; Gam20]. Additionally, a brief
comprehension is given in Section A.1.

2.3.3 Radar Peak Detection

The product of raw signal processing of the received signal is a discrete radar spectrum,
also referred to as a Radio Frequency (RF) image.

Definition 2.9 (Radar Spectrum [Ric22])

A radar spectrum can be described as a grid of intensity values extending over discrete
bins in range, angle, and Doppler velocity. These intensity values represent the power
of the received signal and are indicative of the presence and strength of reflectors in
the scene.

Detection candidates are extracted from the measurement by identifying peaks in the
spectrum.

Datasets used for the development of radar signal processing algorithms differ signif-
icantly in the spectral representations they provide [Reb+22]. Range-Azimuth (RA)
maps are divided into range and angular cells. Range-Doppler (RD) views are two-
dimensional maps that represent both range and Doppler velocity information. Finally,
also three-dimensional Range-Azimuth-Doppler (RAD) maps exist, incorporating all
three attributes range, Doppler velocity, and azimuth angle. The RA map is commonly
used for object detection, as it delivers distinct spatial information about the present
reflectors. For this reason, the further explanations focus on RA spectra.

Each chirp in an FMCW measurement cycle produces an individual spectrum. Within
this spectrum, amplitude values in the bins are discretely distributed across so-called
cells. Using the cell’s amplitude, the goal of peak detection is to identify all signal peaks
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while maintaining a constant FP rate, that is, the rate of detections not associated with
actual reflectors.

Fixed and Adaptive Threshold Detection

A fixed detector, such as the Neyman-Pearson detector [Ric22], applies a single, fixed
threshold value T'. This approach leads to a high number of FP points in radar spectra
with a high noise level, while weak detections are frequently suppressed. Therefore,
fixed detectors are generally unsuitable for radar application across diverse environ-
mental conditions [Gam?20].

An alternative suited for variable environments is the use of an adaptive threshold
Tadapt- In such methods, the spatial and situational noise level N is estimated, and the
threshold is typically set as a multiple of this noise level: Tyqapt = k - . This strategy
ensures that the number of FP detections remains consistent regardless of the noise level
in the current detection scenario. Hence, such methods for threshold computation are
referred to as Constant False Alarm Rate (CFAR) [Lud13].

Figure 2.4 illustrates the advantage of noise-estimating algorithms. Two detection
scenarios are depicted: one at a parking space with a relatively low noise level on the
left hand side, and another in an urban environment with elevated noise levels on the
right hand side. The detected peaks from both the Neyman-Pearson detector and an
adaptive-threshold detector are compared. The blue line illustrates the received signal S.
The green line shows the static threshold Tjy applied by the Neyman-Pearson detector,
and the red line shows the dynamic threshold T,q.p¢ that is adaptive to the noise in
the respective cells. The static threshold Ty is selected to detect moderately reflective
objects such as pedestrians in this environment. In the environment with low noise level,
the fixed threshold fails to detect even peaks with a high Signal-to-Noise Ratio (SNR).
In the environment with high noise level, while the higher peak in range cell i = 50 is
detected, the lower peak at range cell ¢ = 30 does still not exceed the threshold.

Cell Averaging (CA)-CFAR

Although alternative approaches are currently under investigation, most practical
applications still rely on CFAR and its specific variants for peak detection. The noise
level within a single chirp sequence is generally stable, however, reflectors may naturally
influence the noise floor. Most CFAR algorithms are based on CA, in which the power
level of the cell under test C' is compared to the average power level attributed to
background noise. To estimate the background noise, the power levels of unaffected
cells C' within a kernel K surrounding the current cell are averaged. The number of
cells included in this kernel should be sufficiently large to ensure a reliable average, yet
small enough to avoid contamination from neighboring peaks. The kernel is formally
defined as £ = (01, Co,.. ., C~’n,c), and hence contains ni cells. The cell under test is
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Figure 2.4: Schematic comparison of peak detection with a fixed threshold and a noise-adaptive threshold.
The fixed threshold (green line) fails to detect peaks under low-noise conditions, whereas the
adaptive threshold adjusts dynamically with the noise level.

excluded from the kernel, just as a predefined number of adjacent guard cells ngyard,
which are assumed to be influenced by the signal of the cell under test, particularly if
this cell contains a peak. The estimated noise floor is then multiplied by a threshold
factor kinresh to establish a margin between the signal and the detection threshold.

Given an accepted false alarm probability pr4 and the kernel size ny, the threshold
factor can be analytically computed. Subsequently, the detection probability P; may be
derived based on the SNR [GK88]:

1

kthresh = (pFA)iW -1 (24)
kthresh —N
P, = (1 4 ——resn 2.
e =1+ 7NR 5)

The threshold value for the cell under test is computed by:

K
Tca-CRAR = Kthresh - 27 (2.6)
nK

In some algorithmic variants, both a factor knresh, x for multiplication as well as a factor
Ethresh, + for addition are applied.

K
TCA—CFAR = k'thresh,x . % + k'thresh,+- (27)
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At the edges of the spectrum, the bounds of the kernel are limited by the first cell o,
o and the last cell 7,45, Pmaz, respectively. This impairs the quality of the noise level
estimation in these regions. The principle of CA-CFAR is illustrated in Figure 2.5. In
this example, the cell C; ; is evaluated. The number of range averaging cells, in some
literature referred to as training cells, is by, = 3, with one guard cell bgyarq,» = 1. The
size of the kernel need not necessarily be square. In this instance, the number of angular
averaging cells is b,,,, = 5, and the number of angular guard cells is by, = 2.

In this structure, the size nx of the kernel K can be determined with Equation 2.8.

ng = bav,r : bav,ap - bguard,r : bav,ap~ (28)
Range Cell b
av,p
A
b
guard,p bav,r
CuT | bguard r

L7 et e i E e N .

» Angular Cell

Pj

Figure 2.5: Concept overview of CA-CFAR, including the cell-under-test (CuT) within a radar spectrum and
averaging cells bounded by guard cells.

The configuration of the averaging and guard cell parameters should be selected based
on the characteristics of the radar spectrum. Modifications of the standard CA-CFAR
involve alternative operations in place of averaging [Reb+22].

¢ CA-Greatest-Of CFAR computes more than one threshold value and selects the
maximum among all sub-thresholds. Typically, in the one-dimensional case, the
first threshold value is calculated as the average of all cells on the left-hand side
of the cell under test, while the second threshold value is the average of all cells
on the right-hand side. This method is particularly suitable when FPs should
generally be suppressed.

¢ CA-Smallest-Of CFAR operates similarly to the Greatest-Of CFAR variant but
selects the smallest sub-threshold. In this configuration, a greater number of
detections are typically raised at the cost of an increased FP rate.
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* Ordered Statistic CEAR sorts all cells within the kernel and selects a threshold based
on a predefined rank k. The signal value of the cell under test is then compared
to the cell at this ranked position. The rank is typically set such that % ~ 0.75,
assuming the values are sorted in ascending order [Hab+08].

A detection is registered if the signal value S of the tested cell exceeds the threshold
computed specifically for that cell, see Equation 2.7:

detection = { é’ (2.9)

2.3.4 Radar Clustering

While pedestrian detections often result in only a few reflection points, vehicles such as
cars and trucks may generate a large number of radar returns, particularly when they
are close to the radar sensor. Since it is not feasible to formulate a separate hypothesis
for each individual radar detection, clustering algorithms are employed to group radar
points into clusters. These clusters are a preliminary stage of object hypotheses that
can be used in planning components of automated functions. Clustering involves
identifying radar points that exhibit shared similarities. These similarities are often
spatial (i.e., the points are located near each other), but clusters can also form based on
other shared attributes, such as similar Doppler velocities.

A widely used method for this purpose is the Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm [Est+96]. DBSCAN is computationally
efficient and requires only two input parameters ¢ and minp,,. DBSCAN categorizes
points into core points and border points. For each radar point ¢, the e-neighborhood
is determined, which includes all points within a distance ¢ or less from ¢. A point is
classified as a core point if it has at least minp; neighbors within its e-neighborhood. A
border point has fewer then minpi; neighbors but lies within the e-neighborhood of at
least one core point.

A point p in this e-neighborhood is said to be directly density-reachable from point ¢ if p
lies within the e-neighborhood of ¢ and ¢ is a core point, i.e. it has a minimum number
of minps € neighbors. A point p; is density-reachable from ¢ if there exists a chain of
directly density-reachable points from ¢ to p;. If there exists a point o from which both
p2 and ¢ are density-reachable, then p; and ¢ are density-connected. All points in a
cluster must be density-connected to at least one other point in the same cluster. Points
that do not belong to any cluster are classified as noise points. Figure 2.6 illustrates
this concept with two clusters, one of size five, and one of size three. Noise points are
located between the two clusters. This example uses the minimum number of neighbors
minpg = 2.
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Figure 2.6: DBSCAN clustering concept showing core and border points. Opaque points represent core points,
while semi-transparent points indicate border points. The number within each point denotes the
number of its e-neighbors.

The parameters minpy and e can be selected using the k-dist method, which involves
plotting each point’s distance to its k-nearest neighbor in the set. The threshold point in
this graph indicates the maximum acceptable k-distance for a point to be considered
part of a very thin cluster. Points with larger k-neighbor distances are likely to be noise,
while points with lower k-distances belong to clusters. The original authors recommend
setting k = 4, as the curve changes only marginally for k£ > 4. Once an acceptable noise
percentage is determined, the threshold should be chosen to separate noise points from
clustered points [Est+96].

Since its introduction, the standard DBSCAN algorithm has been extended in several
ways. While DBSCAN is relatively rigid in its cluster definition, it can be advantageous
to incorporate additional information about the radar points into the clustering process,
when available. One such extension is Hierarchical-DBSCAN [CMS13], which provides
greater flexibility. Hierarchical-DBSCAN organizes points into a cluster hierarchy by
constructing a minimum spanning tree. The structure of this tree is governed by the
selected so-called mutual reachability distance between two points p and ¢, which
determines when new clusters are formed. This algorithm can also be integrated with
evaluation metrics based on labeled data, such as the B3F measure, increasing the
likelihood that points with the same label are grouped into the same cluster. The
applicability of this method for introducing camera information in radar clustering,
thereby achieving a safer radar free space detection, is covered in [Brii+24e].

2.3.5 Radar Tracking

The final stage of radar data processing produces objects that serve as an input to the
planner, representing layer 4 in the environmental perception model (see Section 2.2).
Object hypotheses are initiated by clusters that are aggregations of spatio-temporally
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associated radar points. These hypotheses must be maintained over multiple measure-
ment cycles, during which new observations are integrated with existing hypothesis
data. The Kalman filter offers a method for combining both the predicted evolution of a
system state and a new observation of that state [Kal60]. It has been proven to deliver
the optimal state estimate, i.e., an unbiased estimate with the minimum achievable
covariance, under the assumption that the process and observation errors are Gaussian-
distributed and the noise is white with known covariances. Figure 2.7 illustrates the
concept of Kalman-based tracking.

Observations Association
no match
Initialization
Innovation ..
Prediction
match Ky = BCT(CPCT + R)™ i
4+ Ky (2 — Cy) » 'Lkil Zp ZkTJF CllkGT
P = (I - K,O)P, k1 = AP AT + GQ

Figure 2.7: Kalman-filter-based tracking scheme, showing the prediction and innovation steps, including the
association of new observations.

The system is modeled using a system matrix A4, and an input u(t) affects the state via
the control matrix B. The system states are observable through measurements, and this
observation process is described by the observation matrix C. The influence of process
noise is represented by the process noise matrix G. In the first step of the tracking
process, new observations z;, are associated with existing hypotheses & € H;,. If the
association fails, a new object hypothesis is initiated. For each successfully associated
hypothesis, its state &, is updated in the innovation step. Subsequently, the updated
state of the hypotheses is propagated forward in time to account for the state dynamics
between two consecutive time steps t;, and ¢ in the prediction step, applying their
state model. In both states, prediction and update, not only the state vector & but
also the error covariance matrix P is estimated. This covariance matrix represents the
uncertainty associated with the current state estimate.
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2.4 Vehicular Safety

System-wide safety can only be ensured if every stage of the system operates reliably,
including perception, planning, and acting. Perception errors, in particular, cannot
be compensated for by subsequent planning and acting stages. Recent research has
investigated safe planning [KLD21], safe electrical actuation systems such as brake-by-
wire systems [Fan+24b], and architectures that integrate both [Dor+20]. However, the
transfer of these considerations to perception systems has received little attention. This
section introduces safety concepts intended to ensure safety in planning and acting
systems. The objective is to apply these concepts in subsequent chapters of this work to
derive a similar procedure for perception systems.

A central and pivotal metric for assessing the general safety of a function is the Failure-
in-Time (FIT) rate.

Definition 2.10 (FIT rate)

The FIT rate quantifies the number of failures over a specific time horizon when the
system is used as intended within its ODD or exposed to foreseeable misuse. In widely
adopted standards such as ISO 26262 [Int18], this time horizon is defined as 1 X 10°
hours.

No system can be entirely fault-free. Nevertheless, the FIT rate must be reduced to a
negligible level to ensure safe usage by customers. In the case of automated driving

functions, this implies that the system’s FIT rate must be significantly lower than that

. . . FIT . .
of human drivers. Discussing the factor > leads away from technical more into
uman

ethical considerations. Furthermore, it requires extremely large fleets and long periods
to conclusively demonstrate that a system outperforms human drivers [Neel9]. In this
context, a system is considered functional safe if it complies within the FIT thresholds
defined in the applicable standards, as discussed in the following Subsection 2.4.1 and
Subsection 2.4.2.

Amongst others, uncertainty originating from the interaction of the ego vehicle with
other traffic participants is a challenge for providing safety evidence for automated
driving systems [GCT25]. To tackle this challenge, perception systems must reliably
detect presence and motion state of these traffic participants. Miss-detection inevitably
leads to an increased FIT rate.

The low speeds involved in the ODD of automated parking functions significantly
reduce the consequences of functional errors. It is, therefore, reasonable to introduce
higher automation levels in such low-risk scenarios before addressing more complex,
high-speed situations.
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The safety of automated driving functions can be dissected into two complementary
aspects: functional safety, as defined by ISO 26262 [Int18], and Safety Of The Intended
Functionality (SOTIF), defined by ISO 21448 [Int22]. ISO 26262 governs safety-critical
electrical and electronic components by assigning safety goals and requiring components
to meet specific FIT targets. ISO 21448 provides design guidelines for preventing hazards
arising from functional inadequacies or foreseeable misuse during normal operation.
These two standards are elaborated upon the following subsections.

2.4.1 Functional Safety

The ISO 26262 standard ensures functional safety in electrical systems by prescribing
development processes and mitigation mechanisms for incidences deemed to carry
a certain level of risk [Int18]. Identification of such incidents is conducted through
a Hazard Analysis and Risk Assessment (HARA). This process identifies potentially
hazardous events that may result in harm due to system malfunctions under operational
conditions. Each hazardous event is assigned a risk classification, from which an Auto-
motive Safety Integrity Level (ASIL) is derived. The ASIL is linked to a corresponding
safety goal that must be achieved to prevent the hazardous outcome.

The risk classification entails a systematic evaluation of various aspects of driving
scenarios. Since this thesis focuses on preventing hazardous situations resulting from
perception system malfunctions, the HARA methodology is described in detail below.

Three key attributes define the risk associated with a given situation: to what extend
can the driver or operator control the consequences of the system’s malfunction? How
frequently are traffic participants exposed to the situation in which the malfunction
causes the hazard? How severe are the potential consequences if the situation is not
avoided?

* Severity: The severity is divided into four categories: SO = no injuries, S1 =
moderate injuries, S2 = severe injuries with probable survival, S3 = severe injuries
with uncertain survival.

¢ Probability of Exposure: Five exposure categories are defined: EQ = incredibly
unlikely to happen, E1 = very low probability (< 1year—'), E2 = low probability
(< 10year—'), E3 = medium probability (< 20 year—!), E4 = high probability (>
100 year—1).

* Controllability: The more difficult it is for individuals to control a hazardous event
to avoid harm, the higher the controllability class. The classification is divided
into four categories: C0O = controllable by everyone, C1 = controllable by > 99 % of
individuals, C2 = controllable by > 90 %, C3 = controllable by < 90 %.

These three attributes are combined to determine the ASIL. The highest level, ASIL
D, is assigned when all attributes fall into the most critical categories. An automated



30 2 State of the Art

parking function such as AVP can reach this level for certain safety goals. For instance,
during a transfer ride to a parking lot at a speed of veyy = 12km/h (E4), a pedestrian
enters the ego vehicle’s driving tube, but the ego vehicle fails to respond due to a brake
malfunction. Since the vehicle operates driverlessly, there is no way to stop it in the
short time available (C3). The pedestrian may be trapped beneath the vehicle and suffer
life-threatening injuries (S3) [Int18]. According to [Int18], the target value for random
hardware failures, in this case the brake malfunction, for such a safety goal is < 10~%/h
=10 FIT.

Even if that the brake fulfills this safety goal, the same risk still persists if the perception
system operates incorrectly. The pedestrian may be insufficiently detected and the plan-
ner generates a path that collides with the pedestrian. For this reason, a similar failure
rate can be assigned to errors in the perception system. Based on the considerations in
ISO 26262, several aspects relevant to the criticality assessment of individual situations
can be derived. These aspects form the basis of the criticality assessment developed in
this work.

* Severity primarily depends on the current velocity v, of the automated vehicle.
Other impact factors such as vehicle type, front bumber design, and roadway
properties are difficult to model due to their complexity and the limited number
of empirical studies investigating them [Hus+19].

* Exposure must be assumed to be consistently high, as in parking situations, cross-
ing VRUs are assumed to occur continuously during the routine operation of the
automated parking function.

¢ Controllability does not imply that the function must prevent all dangerous ac-
tions by other road users. Most traffic participants can avoid a collision with an
automated vehicle through their natural foresight and behavior in traffic. This
supports the argumentation that provoked accidents, i.e., those initiated by the
conscious actions of other road users, must be considered to a certain extent in the
safety assessment.

2.4.2 Safety of the Intended Functionality (SOTIF)

The standard ISO 26262, introduced in the previous section, is complemented by ISO
21448, which extends the scope of functional safety to more complex systems and
addresses functionalities that are typically implemented in software. ISO 21448 ensures
that SOTIF is achieved for an automated driving function.
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Definition 2.11 (SOTIF [Int22])

SOTIF is the absence of unreasonable risk due to hazards resulting from functional
insufficiencies of the intended functionality or its implementation.

The central principle of SOTIF is that scenarios can be categorized into four distinct
areas: known and non-hazardous scenarios (area 1), known and hazardous scenarios
(area 2), unknown and hazardous scenarios (area 3), and unknown and non-hazardous
scenarios (area 4). The goal of safety-aware development for all components involved
in the automated function is to reduce area 2 through functional enhancements, and
reduce area 3 through comprehensive verification and validation processes [Int22].

This approach is shown in Figure 2.8. The primary focus of this work is on reducing
area 2, while techniques are also applied in Subsection 5.3.1 to minimize area 3 through
systematic scenario selection.

Known Area 2 Area 1 Known
1 Area 2 Area 1
_. ¢ el
¢11
Unknown Area 3 Area 4 -
Unknown -{ Area 3 Area 4
- r T o Y
Hazardous Non- Hazardous Non-
Hazardous Hazardous

Figure 2.8: SOTIF-based approach to reducing both unknown and hazardous areas of the ODD to achieve
SOTIF. For this work: Improvement on the sensor set and perception data processing reduces the
number of hazardous scenarios (arrow I), and a higher number of situations in training and test
data sets reduces the number of unknown scenarios (arrow II). Adapted from [Int22].

These concepts are directly applicable to this thesis, which aims to design a percep-
tion system that operates safely within the ODD, providing all objects to the planner
for a safe operation. To keep risk at an acceptable level, the principles of functional
development according to SOTIF are respected. Area 2 is mitigated by implementing
safety-aware sensor data processing. Area 3 is addressed by developing an agnostic
approach that considers a wide range of driving situations, including potentially un-
known scenarios. Additionally, the validation dataset should include as many relevant
scenarios as possible from the ODD.

To quantify the FIT rate, a HARA is required. This analysis can be conducted in several
ways [Abd17]. A key finding in system-theoretical accident analysis is that inadequate
control can lead to losses. The System-Theoretic Process Analysis (STPA) analysis
[Lev16] aims to identify hazards that arise from system states under conditions of
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inadequate control. In a subsequent step, the potential of each identified hazard to cause
a loss is evaluated. According to ISO 21448, STPA can be applied as a hazard analysis
approach. It is capable of identifying triggering conditions for hazardous behavior.
These triggering conditions are essential for generating a test scenario catalogue [HSE22],
as they initiate system responses that may lead to hazardous events [Int22]. For each
identified hazard, a corresponding SOTIF requirement can be derived. In Section A.2,
an STPA is performed for the automated function targeted in this work. This analysis
serves as the foundation for developing test scenarios and for identifying potential
losses that may occur during the operation of the AVP function.

2.5 State of Research?

Current research explores methods to utilize radar data more effectively by introducing
advanced radar signal processing concepts, such as those based on CNNss, as outlined
in Subsection 2.5.1. However, the majority of these studies focus on improving general
object detection metrics, which do not account for the relevance of detected objects in
relation to the driving task. To incorporate this aspect, it is necessary to apply methods
that evaluate detected objects and measurements with respect to their impact on the
driving situation. For this evaluation, criticality assessment metrics can be used. An
overview of criticality assessment metrics is provided in Subsection 2.5.2. Due to the
high noise level inherent in radar data, filtering techniques are often employed, as
discussed in Subsection 2.5.3. However, filtering introduces a certain level of risk, as
it may remove potentially important information. To mitigate this risk, some filtering
algorithms incorporate safety-aware mechanisms that aim to preserve crucial infor-
mation. Recent literature, summarized in Subsection 2.5.4, introduces safety-aware
object detection metrics derived from criticality assessment methods (Subsection 2.5.2).
Additionally, approaches have been proposed that adapt the processing algorithm based
on the current task of the automated function. Nevertheless, detailed investigations
specifically addressing radar sensors remain limited in current literature. Advancing
this field by developing novel safety-aware radar data processing methods requires
suitable datasets. An overview of such datasets is provided in Subsection 2.5.5.

2.5.1 Advanced Radar Signal Processing

While this thesis emphasizes the explainability of safety-relevant decisions, processing
radar point clouds using deep learning algorithms has shown promising results. Two
major areas of relevance are identified reviewing current publications. The first is
signal processing in emerging four-dimensional radar systems, which are capable of
measuring distance, Doppler velocity, azimuth angle, and elevation angle of a reflection

4 Section builds on [Brii+24c].
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(see e.g. [Xu+21; Din+23; Fan+24a]). These systems often operate in combination
with increased bandwidth, which enables finer range resolution. The second area
concerns the sensor fusion of radar with features from camera and lidar systems (see
e.g. [Wu+23; Gu+25]). Existing work has demonstrated fusion of 4D radar data with
camera perception. In such approaches, a three-part feature extraction pipeline is often
applied. Query points are projected into three-dimensional space, where they intersect
with camera features. These features are subsequently processed into bounding box
proposals using a combinations of classification and regression heads [FPC24].

CNNs are well known for their high performance in tasks such as object detection and
semantic segmentation in images. However, applying CNNs to point clouds requires
converting the point cloud into a suitable format. One common approach is to use
a so-called range image, which is a spherical projection of the point cloud. Several
studies propose applying a CNN to this range, before re-projecting it back into the
three-dimensional space [Mil+19]. However, this method was originally developed for
per-point segmentation of lidar data and requires specific adaptations to be effective for
radar sensors.

CNNis can also be applied directly to radar spectra, as these resemble images in their
structure and appearance. One study proposes using three parallel CNN-based autoen-
coders, each processing a two-dimensional spectrum constructed from two of the three
radar tensors: range, angle, and Doppler velocity. A fusion module then combines the
features extracted by each autoencoder. The work further suggests a training pipeline
augmented with camera data to enhance learning [Gao+21].

Low-level features extracted from radar spectra can be combined with target-level
features from point clouds using a CNN composed of three stages: encoding the data
from a three-dimensional block that fuses point and spectral values, extracting class
information, and computing class scores. Object hypotheses are subsequently obtained
by clustering the labeled targets [Pal+20].

Three-dimensional bounding boxes can also be derived from radar spectra using a
graph-based representation of the radar tensor. A graph neural network processes this
representation, and its output is further processed using a pyramid ResNet [MKT21].
This approach outperforms traditional CNNs applied to optical® representations of the
radar tensor [Maj+19].

Since three-dimensional convolutions applied to single radar measurements do not
incorporate causality, another work proposes a hybrid approach that combines two-
dimensional CNNs with Recurrent Neural Networks [Dec+24]. The method operates
on radar spectra and supports various radar image formats, such as Range-Azimuth
or Range-Doppler representations. Training was conducted on the ROD2021 dataset
[Wan+21a]. The framework demonstrates flexibility in handling a range of detection

5 Optical means in this context that the representation is based on two-dimensional images.
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tasks, including semantic segmentation. Its superior performance compared to con-
ventional CNN-based detection methods underscores the importance of incorporating
temporal features and suggests the use of transformer networks, which are particularly
well-suited for modeling temporal dependencies.

Transformer networks, which introduce positional encoding and self-attention mecha-
nisms, were originally developed to overcome limitations in Recurrent Neural Networks
[Vas+17]. Foundational work has extended transformers to process three-dimensional
point clouds [Zha+21]. In this context, positional encoding is applied to both the at-
tention vectors and the feature transformations. These are aggregated with a point
transformer layer, which encodes local neighbors of each point. The point transformer
is capable of performing both semantic and part segmentation on point clouds and can
retrieve point clouds with similar shapes to a given query. Recent literature applies
these transformer models to radar point clouds for semantic segmentation [Zel+23].
Given the sparse nature of radar point clouds, the standard softmax function in the
original point transformer [Zha+21] is replaced with a Gaussian function, allowing for
effective segmentation even from single radar measurements. This adaptation outper-
forms both the original point transformer [Zha+21] and a radar-optimized network
based on multi-layer perceptrons [Sch+21b].

2.5.2 Criticality Estimation

Methods to estimate the criticality of an object for a driving task are extensively com-
pared in [Wes+23]. The study shows that various metrics are based on the well-known
Time-to-Collision (TTC), including potential TTC, time-integrated TTC, and time-to-
maneuver. All these metrics measure the remaining time until a specific event, such as
reaction, maneuver, stop, or collision. Some metrics partially account for the assumption
that actions such as braking or evasion are taken immediately. Other metrics determine
the required longitudinal or lateral acceleration necessary to avoid a collision [Jan05].
These accelerations can optionally be combined with the minimum distance to the object
during the evasive action [Jun+18]. The Object Criticality Model [CM23] combines three
weighted criteria: the current distance to the object, the closest distance that the vehicle
and the object would reach, and the remaining time until this distance is reached. Hence,
this metric also rates situations as more critical if less reaction time remains.

An online safety evaluation is proposed based on the required acceleration. Further-
more, it incorporates both the longitudinal distance required to stop the vehicle and
the acceleration needed for longitudinal or lateral maneuvers. The model is capable
of detecting errors in motion prediction of potential collision objects resulting from
perception uncertainties [WPW22]. While these metrics correlate with the probability of
a collision occurring, they often fail to account for its severity. The Pedestrian Risk Index
(PRI) [Caf+11] combines the TTC of both the vehicle and the pedestrian, as well as the
vehicle’s time to stopping, tstp, With the severity, which is primarily correlated with
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the impact velocity veon. The impact velocity is computed by subtracting the velocity
reduction achieved through immediate braking from the current vehicle velocity vy,

PRI = v2; - (TTCyeh — tstop)- (2.10)

Other work compares a velocity-based collision severity metric to the established Traffic
Conflict Technique metric introduced in [Hyd87]. The authors argue that their critical
event severity metric reflects the dangerousness of conflicts more realistically [Bag13].
The conflict severity is computed using
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It applies the velocity difference Av, the available braking time ¢, which correlates
with the TTC, the masses myen and mygy of both colliding partners, and their decelera-
tion capabilities. Higher severity for VRUs is accounted for via a weight factor. In the
case of an unequal mass distribution between the collision partners, this factor tends
toward zero, and the conflict severity remains high. The success rate of this metric
surpasses both the TTC-based metric and the Traffic Control Technique metric.

2.5.3 Filtering Mechanisms

Several works point out that object existence probability correlates with signal measures
such as signal power, SNR, and RCS, weighting the occupancy probability in a grid
based on the RCS feature of the signal [Li+20]. Further literature shows that the false
alarm probability increases for targets with low SNR values [LBR22]. Hence, many
approaches control the noise in radar point clouds by removing points with low signal
power or related measures.

Recent research suggests removing objects from the object list based on their criticality
before passing the list on to the planning task [CM24] in order to improve the planner’s
performance. Object lists are evaluated using the Object Criticality Model [CM23]
from one of the authors” previous works, as explained in Subsection 2.5.2. Since the
authors refer to literature indicating that qualitative planning depends mainly on the
perception task [PKF20], the reference metric for their safety-aware filtering is the
Planning Kullback-Leibler (KL)-divergence, which measures differences between two
trajectories determined by the same planner. The work is evaluated on all objects in the
dataset, and is thus not limited to VRUs. Results show that the Planning KL-divergence
improved in most cases. However, the criticality filtering tends to remove too many
objects in some challenging scenarios, resulting in worse scores.
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2.5.4 Safety-aware Perception Algorithms

The literature describes the perception-control linkage, that is, the impact of perception
errors on automated functions, and highlights the necessity of a holistic consideration
of the function [SAC19]. As a first step, perception functions should be evaluated
according to their ability to detect critical objects. This can be done by utilizing criti-
cality assessment of objects, as described in Subsection 2.5.2, to weight each object’s
relevance. Perception failures concerning objects that are crucial for a safe driving task
are penalized [WDE21].

A perception failure can be categorized as either task-relevant or non-task-relevant,
independently of the error magnitude. Assuming the availability of a Ground Truth
(GT) representation of the environment, plausible scenes are generated and each scene
is evaluated with respect to its risk to the driving task. This enables the determination
of the risk costs associated with perception failures. By storing scenarios with high risk
costs, the concept can support the identification of scenes prone to perception errors
[Ant+23].

Introducing safety considerations in perception systems is not limited to radar systems.
In a safety-aware image processing pipeline incorporating a lidar sensor, external and
internal cueing are applied to identify candidate regions. External cueing uses object
locations provided by the lidar sensor, which are projected onto the image plane and
sorted by distance and recency. Internal cues are derived from optical flow in the camera
image. The ranking of detection candidates is used to reduce processing time while
maintaining the safety of the perception function [LSA23]. Further literature presents an
approach to determine critical pedestrian objects based on simple criticality estimation
methods such as TTC and distance-based criticality, without consideration of specific
planners. The object is evaluated both in terms of its threat metric and the performance
metric of an image-based object detector. This dual evaluation supports the selection of
relevant scenes in measurement data [Lys+22].

Other research describes a SOTIF-oriented analysis of the automated functions, identify-
ing worst-case operational constraints. These constraints allow for deriving a minimum
required perception area [SDW19]. This perception area is then adapted according to the
characteristics of the sensing space and sensor capabilities, enabling the computation
of position-dependent requirements on perception error. In a case study, these require-
ments on perception performance are illustrated for a specific operational scenario
[Chu+23]. Similar work introduces the task-specific required error tolerance of an object
detector, where the task is described by a simplified set of scenarios [Phi+22].

Recent research [Mei+24] introduces an algorithm for object relevance in radar detection,
which is combined with a hybrid point- and grid-based CNN for radar object detection
[Ulr+22] to enable safety-aware object detection. A fuzzy set is used to combine four
different metrics for object criticality evaluation: distance, relative velocity, TTC, and
collision distance. The model incorporates the relative motion between the potentially
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critical object and the ego vehicle. The relevance of the object is determined using a fuzzy
set. The experiments indicate an improvement in both the maximum Average Precision
and the Intersection-over-Union metric of the object detector for objects evaluated as
more relevant.

2.5.5 Datasets

Datasets are essential for testing alternative signal processing approaches and quantify-
ing error rates. The requirements for a dataset are derived from the objectives of the
experiments.

* Radar data coverage: There are various intermediates in radar data processing, as
summarized in Subsection 2.3.2: radar spectra, radar point clouds, and radar
objects.

* Location coverage: The data should be recorded preferably within the ODD of the
AVP function, including parking lots and indoor parking garages, which exhibit
unique characteristics relevant to radar applications.

* Object coverage: Since hazardous situations mainly arise from interactions with
VRUs, datasets should preferably include these objects.

e Situation coverage: Scenarios should include conflicts between the VRU’s intention
and the ego vehicle’s trajectory. Ideally, these situations require sudden changes
in the driving command, such as evasive maneuvers or braking.

Multiple datasets widely used in the research community have been evaluated against
these criteria. However, some radar datasets, such as the Oxford Radar Robotcar
[Bar+20] and RADIATE [She+21], use radar sensors that distinguish significantly from
standard automotive systems. While the standard in the automotive industry is a combi-
nation of four tso six corner radar sensors mounted behind the vehicle’s bumper, these
datasets employ a Navtech CTS350-X [Nav25] radar system, which performs 360 degree
sweeps and is mounted on the vehicle’s roof. Due to the resulting discrepancies in radar
data characteristics, datasets with such configurations were not considered in more
detail. Other datasets using industry-standard sensor systems are listed in Table 2.3.

2.6 Discussion and Research Gaps

Current research on the processing of radar spectra and point clouds focuses on accu-
rate per-point class-labeling [Zha+21; Zel+23]. Semantic point labeling significantly
contributes to scene understanding and more precise object definitions. Additionally,
semantically labeled point clouds support localization algorithms, as dynamic objects
that are not consistently present across measurements can be removed, and class labels



38 2 State of the Art

Table 2.3: Overview of state-of-the-art radar datasets for radar-based automated driving functions.

Radar Data Location Objects

CARRADA [Oua+21] Spectra Static, Parking Scene Cars, VRUs
CRUW [Wan+21b] Spectra Static and dynamic, Cars, VRUs

Parking lots, Urban,

Highways
RADDet [ZNL21] Spectra Static, Urban Cars, VRUs
nuScenes [Cae+20] 3D Sparse Point Cloud  Dynamic, Parking lots, Trucks, Cars,

Urban, Rural VRUs
RadarScenes [Sch+21b] 3D Dense Point Cloud  Urban, Rural Trucks, Cars,

VRUs

View-of-Delft [Pal+22] 4D Dense Point Cloud = Urban, Motorway Cars, VRUs

serve as useful attributes during point cloud registration [IHFZ21]. However, recent
deep-learning-based algorithms introduce a black-box problem in decision-making
[Hua+17]. Removing radar points solely based on their class labels — if the label sug-
gests a radar noise class — can pose safety risks if this label is incorrect. In a first step,
radar points should be processed based on their criticality instead, rather than relying
on attributes such as estimated class labels. As rule-based algorithms offer guaranteed
and interpretable behavior — fundamental characteristics for safety-oriented systems —
this work focuses on such approaches and excludes deep learning. If deep learning is
to be incorporated into safety-relevant perception tasks, the research focus must shift
more towards explainability. This field is beyond the scope of this thesis.

Researchers emphasize that ensuring the safety of automated functions requires a com-
prehensive evaluation of perception, planning, and actuation, as well as the interfaces
among these components [SAC19]. However, current studies show that criticality as-
sessment is primarily based on object lists [Mei+24], while early sensor data, such as
point clouds or image pixels, are rarely considered. Many existing approaches evaluate
criticality based on the ego vehicle’s current driving state, including its velocity ve,r and
steering angle J [Wes+23]. These approaches cannot incorporate the planner’s intent.
Hence, the procedure of evaluating criticality based on the current driving state may be
less appropriate for systems driven by automated functions. Another notable gap in
current research is that most criticality assessment metrics equate criticality with the
likelihood of avoiding a conflict. The second dimension, namely, the potential severity
of the threatening collision, is often neglected. This leads to the following research
question:

(RQ1) How can the criticality of radar data be evaluated with respect to the current
state of an automated parking function?
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In contrast to lidar point clouds, with which they are often compared [Bil23; Mus+24],
radar point clouds appear sparse and noisy. Consequently, many approaches in research
and industry rely on combined mechanisms that aggregate point clouds from multiple
measurements to densify the data and filter out noise points [Zha+23a; HB25]. The
filtering process aims to remove points that are likely FPs, meaning the existence
probability of an object at their position is low. However, the current state of research
does not provide a concept that incorporates the criticality attribute into the point
removal process. Some studies emphasize that perceived information is not equally
significant across all situations; its relevance depends on the current driving context
[WDE21; Lys+22]. These studies, however, are typically limited to later processing
stages, such as the object-level representation.

The concept of identifying critical information as early as possible in the signal process-
ing pipeline has not been widely discussed. It would help ensure that critical radar data
is not inadvertently removed or disregarded by the planning function. Differentiating
the treatment of relevant and irrelevant data at each step of radar data processing
offers a way to balance functional safety and efficient data utilization. Current research
does not sufficiently address which modifications can be induced by criticality and
applied at the specific stages of the radar data processing chain. Instead, their proposed
safety-aware processing methods focus on the characteristics of downstream automated
functions [SDW19] or link perception failures to the current driving context [Ant+23]
— with the objective of identifying challenging situations for the perception system in
order to generate test scenarios for the validation process. The corresponding research
question is thus formulated as:

(RQ2) How can radar data processing be altered according to the criticality assessment
of the radar data to improve functional safety?

Any proposed modifications must be validated within the vehicle safety assurance
process to quantify their overall impact on functional safety, including derivation of the
FIT rate. While verification and validation require extensive datasets and substantial
labeling effort, there may be potential for deriving the necessary information through
methodical approaches. The derivation of total failure rates for perception functions
and methodologies for quantifying perception failures is not sufficiently addressed in
current literature. This leads to an additional research question:

(RQ3) How can the safety of radar perception functions be quantified based on me-
thodical considerations?

This question also encompasses evaluating the approaches in (RQ2) with respect to their
failure rates, thereby demonstrating their effectiveness.

The literature review has shown that radar sensor measurements are primarily used
for object detection. The concept of criticality is particularly intuitive in this context, as
failure to detect potential collision partners can lead to hazardous situations. However,
the effects of using radar data, especially when it contains flaws, for other subtasks
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within the automated function have not yet been thoroughly investigated. In addition
to localization, radar-based motion estimation is an important area of application due to
the high precision of radar measurements [Kel+13; Win+15]. This leads to the research
question:

(RQ4) Can erroneous radar sensor data cause critical situations if it is used for motion
estimation of the ego vehicle?

In Subsection 2.5.5, a literature review was conducted to provide an overview of publicly
available datasets. It was found that datasets exist for many of the intermediate stages
of radar data processing. Some datasets, such as RadarScenes [Sch+21b], are closer
to functional application scenarios, whereas others, such as CARRADA [Oua+21],
focus on general feature extraction from the radar signal. Datasets may be dynamic,
recording from a moving vehicle equipped with radar sensors in real traffic, or static,
recorded from a stationary platform. All datasets have share the limitation that they
contain only non-critical situations, meaning that VRUs are not endangered in any
recorded scene. Moreover, existing datasets lack scenarios inside parking garages,
which pose unique challenges for radar sensors due to environmental effects such as
heavy metal structures. These findings lead to the conclusion that existing datasets
must be extended or modified to support the evaluation of safety-critical perception
algorithms. Alternatively, a custom dataset could be recorded to more rigorously
address the specific requirements of the intended research.
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As outlined in Section 2.2, radar data provides information about objects that may
potentially interfere with the policy of an automated vehicle. The goal of this chapter
is to provide a basis for analyzing the incident risk associated with perception data,
assuming that this data represents an object, referred to as criticality. The criticality esti-
mation method evaluates the impact of the information on the planner’s driving policy
regardless of the format depending on the current processing stage. Criticality, along
with other fundamental terms, is defined in Section 3.1. In the following Section 3.2, a
method is proposed for constructing a spatial representation of the near-term positional
allocation of an automated vehicle following its planner’s policy. Finally, the calculation
of a criticality score is outlined in Section 3.3. The chapter concludes with Section 3.4,
which discusses potential limitations of the method. Furthermore, the premises for
adapting the method to perception sensor data that slightly deviate from radars are
elaborated.

3.1 Introduction

During the maneuvering process controlled by an automated parking function, the ego
vehicle moves in a space shared with other traffic participants, specifically cars, bicyclists,
pedestrians, and scooter riders. Compared to automated driving, maneuvering policies
are significantly less strict in parking spaces and garages. To clarify, the function needs
to be prepared for a free and extended use of the available drivable spaces by other
traffic participants. Drivable space is defined by road markings and may often be used
bidirectionally — a contrast to highway traffic, where no crossing traffic needs to be
considered. Additionally, in Germany, the principle of mutual consideration applies.
This increases the variety of potentially occurring scenarios. Shared use of the available
space can lead to conflicts when interests of two participants overlap. The preferred
approach to resolving such conflicts is to identify them timely and to negotiate a strategy
to solve the conflict. This can happen in three different ways:

e Vehicle-to-Vehicle Communication: This method requires that both participants are
vehicles equipped with a vehicle-to-vehicle communication interface and both are
agents controlled by automated functions [ESE06].

6 Chapter builds on [Brii+24d].
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* Human-to-Vehicle Communication Mechanisms: This method applies when one
participant is an automated vehicle and the other participant is either a human
or a vehicle operated by a human. Communication methods for the automated
vehicle with the human may include visual or auditory signals, such as lights and
sounds [Car+21].

* Infrastructure Control: In this case, the infrastructure manages traffic and informs
both participants about right-of-way. It may communicate with the vehicle via
vehicle-to-infrastructure services and with humans (e.g., by traffic lights or dis-
plays). In this scenario, the infrastructure assumes responsibility for ensuring a
safe resolution to the situation [Mac+18].

Due to spontaneous behavior of VRUs, not all conflicts can be anticipated or negotiated
in advance. This may lead to hazardous situations. In the event of such a situation, the
automated function must’ recognize the conflict using its perception sensors and take
immediate action to avoid a collision. An action, such as braking or evasive maneuvers,
typically deviates from the primary objective of the automated function. Hazardous
situations must be resolved within a short time frame.

Current research on perception methods often relies on evaluation metrics based on
absolute counts of detected objects [PNS20; MKT21]. However, the failure to detect
individual objects that are in conflict with the policy of the automated function can result
in severe issues for the downstream function, particularly if the automated function
fails to act upon these objects. Taking up the idea of safety-aware object processing, it is
proposed that critical and non-critical information should not be weighted equally. This
concept is largely neglected in current literature [PNS20], which does not differentiate
between detection failures involving safety-relevant objects and those involving safety-
irrelevant objects.

A key conclusion from such considerations is that the processing of sensor information
must be adapted depending on the hazardousness of the region. Each indication
for the potential presence of an object must be evaluated if its nonobservance has the
potential to cause critical consequences. This evaluation needs to happen under constant
consideration that the indication does not represent an object with a certain probability
and may degrade the function’s robustness. This object indication is called object evidence
below.

7 According to ISO 26262, a very limited error rate of 10 FIT is acceptable for SAE Level 4 functions, see

Section 2.4.
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Definition 3.1 (Object Evidence)

Object evidence refers to any kind of information provided by a perception sensor
that suggests the presence of an object. Depending on the processing stage, this
information may take the form of a signal, point, cluster, hypothesis or bounding box.
Object evidence may carry a probabilistic assessment regarding the likelihood of the
object’s existence.

To determine the relevance of object evidence, it is proposed to introduce a continuous
function capable of quantifying the impact of sensor information on the current driving
task of an automated function. Conventional object detection performance metrics are
adequate for areas not affected by the actions of the ego vehicle. In contrast, a more
sophisticated approach is required to interpret information in critical areas that may lead
to hazardous situations. The key metric for this information is referred to as criticality.

Definition 3.2 (Criticality)

In a hazardous situation, the criticality measure assesses the potential hazard associ-
ated with a piece of object evidence. Independently of the existence probability of the
object, it evaluates both the likelihood of avoidance as well as the severity of a possible
incidence. The likelihood of avoidance depends significantly on the remaining time
available for an action. The incident’s severity increases with the expected severity of
potential injury.

The criticality evaluation algorithm described in Section 3.3 computes a total criticality
critiora by integrating these different aspects.

The preliminary work presented in this chapter is crucial to ensure the information flow
throughout the perception system. Standard perception approaches typically estimate
probabilities for environmental states and discard improbable hypotheses. In doing
so, they neglect the role of the current policy for the perception system. Perception
data may be discarded if it is irrelevant for the current driving task or driving intention.
However, even low-probability data that contributes to a relevant or potentially critical
hypothesis must be considered in a system designed to operate comprehensively safely.
Figure 3.1 compares a conventional perception pipeline with the proposed pipeline
incorporating area criticality estimation. The components related to the area criticality
estimation are highlighted in blue.
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Figure 3.1: Comparison of a standard architecture (top) with an architecture including area criticality estima-
tion (bottom). The bottom architecture includes safety considerations in the perception stage.

3.2 Driving Tube Construction

Criticality of an object evidence, as defined in the definition above, depends strongly on
temporal and spatial constellation as well as on the current and future motion state of
both the ego vehicle and the object in the vehicle’s surrounding. Traffic participants at
risk of colliding with the ego vehicle must either occupy or intersect the space that the
ego vehicle is expected to use. For this reason, it is reasonable to apply the ego vehicle’s
driving tube to determine the relevant region for criticality assessment.

Definition 3.3 (Driving Tube)

The driving tube of the ego vehicle is a spatiotemporal model representing the area
that will be occupied or swept by the ego vehicle over a short time horizon in the near
future. The driving tube begins from its current position, and ends with the position
planned by the automated function at the end of the planning time tpj.,. The time
horizon is sufficiently long to bring the ego vehicle in a safe state, i.e. usually to stop it

(Vego = 0m/s).

One of the simplest representations of a driving tube is a circular segment defined
by the vehicle’s width and its turn radius, which is derived from the current steering
angle ¢. The length of the circular segment depends on the current velocity vg. A basic
assumption to apply this model is that the vehicle continues to move at a constant
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velocity and with a constant steering angle. However, this concept is inherently limited
and unsuitable when accelerations, decelerations, or complex trajectories such as S-
curves are involved. This also implicates that this concept cannot incorporate planned
trajectories.

As outlined in Subsection 2.5.4, research has examined the spatial zone necessary to
ensure the safe operation of an automated function and has applied this idea to the
AVP system [SDW19]. This zone, referred to as the minimum required perception zone,
is derived from the full range of scenarios that the function is expected to handle. It
defines the area that must be covered by the vehicle’s perception sensors to ensure the
detection of all objects that could pose a hazard to the automated function. While this
approach helps to establish the concept of an AVP system and highlights potentially
critical areas, it does not provide a continuous measure of criticality that varies with the
position of object evidence and the specific situation.

Instead, as long as the vehicle is under the control of the automated parking function,
it is preferable to use the output of the trajectory planner. This approach has a crucial
advantage: it explicitly reflects the current intention or policy that the function is
about to follow within the specified time horizon. Any object evidence item which
overlays with this policy is considered in the criticality assessment. The trajectory
planner operates within the time interval ,j., and produces a discrete set of N vehicle
states T = [Sp, S1, - - -, Sn—1] which the vehicle should pass through within the next
moments, referred to as the vehicle’s trajectory 7. Each vehicle state is expressed in the
vehicle coordinate system and is defined as S = [z, y,, v, a, §]T, where (z,y) denote the
position, v is the alignment angle of the ego vehicle in yaw axis, v is the ego vehicle
velocity, a is the ego vehicle acceleration, and § is the steering angle®. Figure 3.2 gives
an overview of all measures defining the ego vehicle’s state.

vs,as

rs

Figure 3.2: Components of the state vector S = [z,y, v, v, a, §]T.

8 The positional component zj and the alignment angle of the ego vehicle in pitch axis are excluded from
the considerations since the radar perception systems in this work are not capable of measuring vertical
components. Analogously, the planner computes two-dimensional states only. The valid approximation
are flat surfaces for driving, as present in most parking garage levels.
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All vehicle states are defined over a uniform time interval At = tp% This means
that the planning time frame #pj., defines the maximum horizon for the criticality
assessment. Research on controllers for automated parking functions mentions varying
time horizons depending on the objective of the function, e.g. N = 50 samples with
a sample time At = 0.1s if the maximum velocity is vmax = 2.9m/s [Kne+21]. As
described in Subsection 2.1.3, this work assumes a maximum velocity of vmax = 30 km/h,
driven during the transfer phase, to offer a flexible parameterization of the AVP function

for worldwide markets. The planning time horizon can be computed by

—v

tplan = treact + Crlnax. (3.1)
Assuming a deceleration of ¢ = —3.0m/ s? and a reaction time of tyeaet = 0.25s, a plan-
ning time of approximately tp1.n = 3.0 can be derived. The deceleration of modern
vehicles can reach up to amax = —11.0m/s? under ideal conditions. However, deceler-

ations exceeding a = 2.00 m/s? are perceived as uncomfortable [Int97]. Although the
vehicle operates without passengers during automated parking and comfort is therefore
less relevant, such decelerations may not be expected by other drivers under normal
driving conditions, i.e., outside hazardous situations. The reaction time depends on the
brake system and is discussed in detail in Section 3.3.

In this planning time, the vehicle can either stop or sufficiently adapt to new situations.
The maximum relevant time frame for criticality assessment corresponds to the time
required for both the vehicle and the object to react and decelerate to a standstill. Ac-
cordingly, the planning horizon 1., is generally sufficient for the criticality assessment
to identify hazardous situations and bring the automated vehicle to a stop in order to
prevent an incident.

For each state Sy, a rectangle is constructed at the vehicle’s position (xy,yx). The
rectangle is rotated by the current orientation angle ;. This rectangle represents the
position of the ego vehicle at the time step k. It has dimensions (lyen, Wyen) according to
the length [ycn, and the width wyen of the vehicle which is under automated control. In
addition, the vehicle’s footprint is extended by a safety boundary dg.f. The value for
the size of this boundary is chosen to account for perception uncertainties and to ensure
sufficient clearance for other traffic participants.

The set of corner points from all such rectangles forms the driving tube. If the trajectory
consists of IV states, the driving tube comprises 4- N points. For computational efficiency,
the driving tube is approximated using the convex hull of the points. The convex
hull is the smallest convex set that contains all edge points of the driving tube. By
definition, a convex set completely contains all line segments connecting any pair of
two points of the driving tube. This ensures that the entire area swept by the vehicle is
enclosed in the driving tube. If the line segment connecting an arbitrary point to the
vehicle’s current position (zo, o) lies partially outside the convex hull, then that point
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cannot be a member of the convex hull. This approach enables efficient point-in-region
determination. The convex hull provides an estimate for the space utilized by the
vehicle during its maneuvers. This convex estimate is conservative, meaning that it
typically encompasses slightly more space than strictly necessary, especially in tight
bends where the driving tube is considerably concave at the inner side of the bend. The
concept is illustrated in Figure 3.3.

(0, Y0)
\ \
(z1,91) (z2,Y2) \
(N, yN)
Driving Tube

Figure 3.3: Driving tube construction using multiple rectangles and forming a convex hull around all rectan-
gles.

This method, which represents the trajectory by the convex hull of the ego vehicle’s
future corner points, is particularly suitable when the driving tube calculation must be
performed on limited hardware, as it is computationally efficient. A slightly modified
version uses the trajectory 7 with its states Sy, ..., Sy. It approximates the trajectory
using spline interpolation between all states and transforms the space into a Frenet
coordinate system. This approach is advantageous for determining the lateral and longi-
tudinal displacements between the individual radar points and the vehicle’s trajectory.
Therefore, this method is applied in the subsequent Section 3.3.

The area criticality estimation is especially relevant if the vehicle is controlled by the
automated function. However, it can also be applied in assisted driving scenarios,
where the vehicle is operated by a human driver. In this case, the trajectory computed
by the planner and serving as an input for the driving tube calculation is replaced by a
trajectory which is estimated from the vehicle’s current motion state. The ego vehicle
provides its current velocity vyen as well as information about the steering state. This
can be either the steering wheel angle 9, the steering rack position ¥ or the front-left
and front-right wheel angles 67, and dp, respectively. This work employs this option
whenever motion data of the ego vehicle is available and trajectory data from planners
are unavailable, e.g., due to dataset constraints.
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The following considerations apply to a four-wheeled, two-track vehicle with two axles
and a steering mechanism on the front axle. For further information on the application
of the driving tube principle specifically to four-wheel-steered vehicles, which became
widespread in recent years, see, e.g., [HP16]. A single-track model is applied. The
relevant quantities are depicted in Figure 3.4.

i N N
TIRTINEIF N
dtw
dwb
| 1 04
| —

Figure 3.4: Single-track model with turn radius, illustrating the derivation of the turn radius from the single-
track model (adapted from [BF18]).

Applying the Ackermann angle 64 and the vehicle’s wheelbase d,, the turn radius

dwb
= 3.2
" tand 4 (3.2)
can be determined. The Ackermann angle
duw
tand, = 7” (3.3)

can now be determined for both front wheel angles. Steer-by-wire systems may provide
individual wheel angles ¢ for each wheel. If the steering system is constructed conven-
tionally, the front wheel angles d;, and J are functions of the steering rack position:
6r, = f(¥) and 6z = f(¥). Recent dynamic steering systems [BF18] feature superimpo-
sition gears that can modify the steering ratio and steering force dependent on velocity,
drive mode, etc.. However, assuming a constant steering ratio, the steering rack position
is a function of the steering wheel angle: ¥ = ¢(0). Furthermore, the vehicle’s yaw rate
w combined with the current velocity vy, provides sufficient information to compute
the curvature of the driving tube:

= Jveh (3.4)
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With this radius, the trajectory interface of the criticality assessment function can be
filled. The time frame remains the same as for the planned trajectory. Discrete states Sy,
are computed by applying

v - At
o = £ (3.5)
r
T =7 - sin @y, (3.6)
yr =71 (1 — cos ). (3.7)

The velocity v, and acceleration ay, in the individual states S, are assumed to remain
constant.

To summarize the preceding considerations, two methods exist for constructing the
driving tube. Both rely on data typically provided by the vehicle’s bus system:

1. Using data from the Electronic Power Steering (EPS), e.g. the steering wheel angle
0 or the steering rack position W.

2. Using the vehicle’s yaw rate w, which is often provided by the Electronic Stability
Control (ESC).

3.3 Criticality Evaluation

The objective of the criticality assessment is to assign a continuous value between [0, 1]
to object evidence generated by perception sensors, quantifying the likelihood that the
associated situation could develop into a hazardous one as a result of this evidence. In
the radar application case, object evidence may include spatial attributes such as the
position in Cartesian coordinates (z,y) or polar coordinates (r, ¢), as well as motion
information, including velocity components (v,, v,) or a measured Doppler velocity vr.
Additional attributes, such as the signal power or signal shape, may also be considered.
These features can support classification of the detected object. The continuity of the
criticality value allows for graduated responses based on the severity of the situation.
As introduced in Section 3.1, two principal factors should be reflected in the criticality
metric: the severity of a potential collision and the chances of avoiding the collision. The
collision severity depends mainly on the released kinetic energy during the collision.
Given the ego vehicle’s velocity vye, and its mass myen, and the object’s velocity vy and
its mass mp;, the total kinetic energy Wi, in the system can be approximated by

1 1
Wiin = 5mvehftﬁeh + gmoijgbj. (3.8)
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However, estimating the mass m,y; of the potential collision object from signal-level
or point-level data is both complicated and unreliable. Moreover, this work addresses
critical collisions with VRUs, in particular pedestrians. Collisions between two cars, or
between a car and a truck during parking maneuvers, typically do not result in serious
injuries but primarily in material damage. Although such collisions are relevant at
higher velocities, e.g. on rural roads or highways, they are considered non-critical in this
work. For collisions between the ego vehicle and a VRU, such as a pedestrian, the mass
of the collision counterpart can be assumed to be significantly smaller than that of the
ego vehicle, i.e. mpj < Myen. Therefore, the object’s kinetic contribution represented by
the second term of the equation is omitted. Since the ego vehicle’s mass myen is constant,
the severity is directly proportional to the square of the ego vehicle’s velocity v at
the point of impact. For this purpose, a velocity criticality factor critye is introduced.
Instead of using the current velocity measure v, the intended velocity of the trajectory
veonl at the point of the collision with the potential object is used. The square of this
velocity is normalized with the square of the maximum velocity v, gomain Within the
functional domain. The specific value of Umayx, domain depends on functional design and
is discussed in Subsection 2.1.3.

The velocity criticality factor is computed by

2
(%
Cyel = 2& . (39)

max, domain

The chances of avoidance depend on the remaining decision time and the velocity
reduction until the potential collision occurs. To prevent a collision, the TTC must be
sufficient to confirm the object presence (¢obs, min), prepare to apply the braking system
(treact), and decelerate the vehicle accordingly (tprake). The TTC is the sum of the required
times for these three actions:

TTC > tobs, min 1 ﬁreact + tbrake~ (310)

TTC correlates with the longitudinal distance djong that the vehicle travels along its
planned path until it potentially collides with the object evidence. For the subsequent
analysis, the relative position between the object evidence and the vehicle is described
using a Frenet frame in the two-dimensional Euclidean space R? with longitudinal and
lateral displacement as the coordinate dimensions. The unit tangent vector s and the
unit normal vector d of the trajectory 7 define the base of the Frenet frame [RC24]. The
position of a point p in this Frenet frame is given as (s, d). In this frame, the scalar s
is the arc length along the trajectory segment to g, and corresponds to the longitudinal
distance to the object evidence, denoted djong. The scalar d is the length of the normal
vector from the point g on the trajectory to p, and corresponds to the lateral distance to
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the path, denoted dj,t. The relative velocity in the Frenet frame is given as (s, d). Itis
composed of the vehicle’s velocity and the velocity of the object evidence. For example,
if the vehicle is moving at a constant velocity vyen toward a stationary point within the
driving tube, the Frenet velocity components are § = vy, and d = 0. The concept is
illustrated in Figure 3.5.
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Figure 3.5: Vehicle trajectory in Frenet coordinates, showing trajectory 7" in the Frenet frame with longitudinal
distance s and lateral distance d,;.

The spatial attributes of the object evidence, originally expressed in either polar or
Cartesian coordinates, can be transformed into the Frenet frame using the Frenet trans-
formation. The Frenet coordinates of a point p are computed as described by the
algorithm in Figure 3.6. The condition p + kd; == S; + As; defines a linear system of
equations, which is solvable if K > 0 and 0 < A < 1 simultaneously. The longitudinal
distance djong corresponds to the first coordinate s of the Frenet frame. Analogously,
the lateral distance dj,¢ from the object evidence to the trajectory equates to the second
Frenet coordinate d. This method can be applied when the angle between the trajectory
segments is sufficiently obtuse. Specifically, it holds when the angular difference be-
tween the tangential vector of the current segment s; and the vector of the subsequent
segment s; 1 is less than 10°. To improve numerical stability while searching for the
intersection point, the parameter A is constrained to the interval [—0.05, 1.05].

The TTC is computed by solving the integral over the intended velocity v(t) of the
trajectory for the travel distance s on the trajectory to the object evidence.

0+TTC
s = /t " v(t)dt. (3.11)

to

To solve this equation numerically, the continuous velocity v(¢) is discretized to v[k] and
linear interpolation is assumed between the discrete states S in the trajectory 7. The
discrete integral, starting from the state kg, is now
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ko+k—1
s= > o[i]At+ ko pkvko + kAL, (3.12)
i:ko
S0 51 Sk—1 Sk
TTC = e : 3.13
ko kot T T kot k—1] T ofko £ 4] (3.13)

A longitudinal distance criticality factor critjong is introduced based on this calculated
TTC. This factor reflects the remaining time for a collision-preventing action. If the
evidence is so close that no evasive action can be initiated, it assigns critiong = 0.0.
Although the evidence is highly critical, a collision cannot be prevented in any case.
The evidence is hence evaluated as insignificant for the signal processing. However, if
the time is sufficient to observe and start to decelerate the vehicle, then the evidence
is very useful as it may avert the hazard. Thus, critjong is set to 1.0. The criticality then
decreases following a quadratic function to reflect the diminishing energy in the system.
The criticality receives the value critiong = critsiop if the time is sufficient to bring the
vehicle to a complete stop, given that immediate action is taken. Beyond this point,
the criticality continues to decrease linearly, identifying future-relevant regions where
early object observation should begin. Figure 3.7 illustrates this behavior by plotting
the criticality metric critiong as a function of the TTC to the evidence.

Figure 3.6: Frenet coordinate calculation from discrete trajectory states S, illustrating the algorithm to compute
the Frenet coordinates of a point p in Cartesian space using the discrete states S of the vehicle’s
trajectory 7.

Algorithm 1 Parameter calculation for per-point criticality.

1: Input: Trajectory 7 = N States [S], Cartesian Point p = [z, 3]
2: Output: Point in Frenet coordinates prenet = (s, d)

3: function CART2FRENET(Trajectory 7, Point p)

4: s+ 0

5: d+0

6 fori < Oto N do

7 Tangential Vector s; = [sz, sy] + Sit1 — S;

8 Normal Vector d; < [—sy, S]

9: if p+ kd; == S; + As; then

10: s <= s+ ||Asi|

11: d <+ ||/€dz||
12: break
13: s < |]ss]]

14: return s, d
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Figure 3.7: Longitudinal criticality critjong as a function of the TTC of an object evidence.

The reaction time tyeqct is the elapsed time between the decision of the automated func-
tion or the driver, respectively, to initiate the vehicle’s deceleration, and the moment
when the brake force applies. Literature sources report times between tyeace = 0.15s
[Rob25] for electromechanical brake booster systems that are commonly used in auto-
mated vehicles, and react = 0.26 s [Gro+08] for emergency braking systems that rely on
mechanical brake boosters. During this time, the vehicle continues moving at a constant
velocity.

The observation time frames Zps, min @nd tops, reg depend on the applied perception
function. Object evidence must be observed either in at least two varying time frames
or by two independent sensor modalities. Alternatively, a single observation may
suffice if the information content of the evidence combined with its criticality justifies
an immediate action. However, monitoring the evidence during the braking process,
with the option to withdraw the action if necessary, is also acceptable. The maximum
achievable deceleration am.x can be calculated based on several factors: the friction
coefficient p, the gravitational constant g, the vehicle’s mass m, the aerodynamic lift
Fiero, and the retarding force Fier [Pau+21]:

Faero | Fr
Omax = Mg + HZaero + 7et~ (314)
m m

Modern cars typically achieve a maximum deceleration @, of about 10.0 m/s? [Pau+21].
Given that the maximum deceleration a,,,, is negative during braking, the braking
time tprake can be derived as

brake = Ceur . (315)

Gmax
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As a third component, the lateral criticality critj,; is determined. The lateral criticality
assesses whether the object evidence is inside the vehicle’s driving tube or likely to
intersect it laterally as the vehicle progresses. Object evidence within the driving tube
(|dy| < 55 + dsage) is assigned the maximum lateral criticality value criti,; = 1.0. To
account for uncertainties in the currently measured position and the future estimated
position of the object evidence, a lateral safety margin with a distance of dsare = 2.0m
is applied around the vehicle’s driving tube. If the object evidence lies outside this
boundary but near the driving tube, the lateral criticality decreases according to a
continuous cubic polynomial. Given the lateral distance d, between the trajectory 7
and the object evidence, the lateral criticality critj,; is computed with the following
formula:

1.0, if |d,| < =g,
. _ Wyeh _ Wyeh .
critiae(dy) = 2(%7&2)5 - 3(%72)2 +1, if L <|dy| < B+ deae,  (3.16)
0.0, otherwise.

Figure 3.8 shows the lateral criticality criti,; as a function of the lateral distance d,,.

Lateral Criticality crit),;

A
1.0
Driving Tube
Safety Margin
0.0 l | | - > Lateral Distance d,,
Wveh _ 4 Wveh 0.0 Wveh Dveh | dsafe
- 2 — Osafe *T 2 2

Figure 3.8: Lateral criticality crifj,; as a function of the lateral distance d, of an object evidence from the
driving tube.

An optional class criticality crit,ss may be introduced when the object evidence allows
conclusions to be drawn about the object class. However, in this work, class criticality
is excluded from the criticality assessment, as such classification is not feasible at the
radar point level or signal level.

Eventually, with each component reflecting a critical aspect of the object evidence’s
hazard, the total criticality critioa) is determined by
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Crittotal = Crityel * Critiong * Critiat. (3.17)

It can reach values in the range [0, 1]. Figure 3.9 illustrates the total criticality critia for
a scenario where a VRU crosses laterally through the vehicle’s driving tube while the
vehicle travels at a constant velocity vyen = 12.0km/h.

VUVRU = 5.0 km/h
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(a) Criticality of the object evidence, color of the points indicate the total criticality critiotal (b) Schematic Illustration

Figure 3.9: Simulated criticality in a VRU crossing scenario, showing the criticality evolution for a VRU
crossing the ego vehicle’s driving tube.

As shown, the total criticality reaches a peak of critiotal, max = 0.16 just before the VRU
enters the driving tube. However, briefly after entering the driving tube, it falls to
Critora = 0.00, as there is no longer sufficient time to initiate an emergency action. The
reason for a maximum criticality that is significantly below 1.0 is the normalization
to the maximum domain velocity. In this example, the maximum domain velocity is
set t0 Umax, domain = 30.0km/h. The normalization with the maximum domain velocity
provides a metric that relates each radar point to a point with the maximum expected
criticality. Individual normalization velocities can be defined, e.g., as the velocity at
which the probability of severe injury for the VRU collision counterpart exceeds a
specified threshold.

A collision at 12.0km/h releases only 16 % of the energy released in a collision at
30.0 km/h, which is reflected in the scaled criticality score. For this reason, the maximum
criticality score appears to be comparatively low with critya. = 0.16.

In addition to the criticality score, further metrics may be determined that influence the
reaction to obstacles in its path. The calculations of these metrics are introduced in the
following paragraph:
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e Stopping Distance sgop, the distance required to stop the vehicle, including the
reaction time ¢ eact:

U,
Sstop = Veur * Lreact + 5. ;:;ax- (3.18)

e Stopping Time ts0p, the time to stop the vehicle, including the reaction time #yeqct:

U,
tstop = Treact + = . (319)

max

e Reduced velocity Awv to the collision, if the travel distance to the object evidence is
s and the reaction time is tyeact:

Av = \/2 * Amax (8 — Veur * treact)- (3.20)

If motion information is available within the object evidence, it should be integrated
into the criticality assessment. Objects that are moving into the vehicle’s driving tube
present a higher risk than those that are stationary or even moving away from the
driving tube. To account for this, available velocity information is used to predict the
object’s future position by incorporating its contribution into the current position of the
object evidence. In the vehicle coordinate system, the position of the object evidence at
the time % - At can be computed as

T = To + Vg - kAL, (3.21)
Yk = Yo + vy - KAL. (3.22)

Using this equation, the future position of the object evidence can be estimated discretely
for each step k. If such motion prediction is incorporated, each estimated positional
value must be transformed in the Frenet coordinate system. The criticality assessment
is then performed for each updated Frenet position (s, di). The maximum criticality
value across all steps k is used as the final result. This approach enables the forecasting
of object evidence which is likely to become more relevant in the near future.

The concept is illustrated in Figure 3.10.

Radar sensors provide a measurement of the Doppler velocity vy.. This corresponds
to the relative radial velocity between the reflective object and the radar sensor. It
is important to emphasize that the object may also possess a hidden component, the
tangential velocity vtang. This component is orthogonal to the radial velocity component
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Figure 3.10: Integration of VRU motion into the criticality metric by propagating the object evidence’s position
P using motion information (vz, vy ). The states Sy, represent the ego vehicle’s trajectory.

and can therefore not directly be observed. It can only be inferred by observing the
object over multiple measurement cycles. If this observation is not done and criticality
is determined based on a single frame, this tangential velocity is assumed to be viang = 0
and following simplified equations apply:

Yo = tan M7 (323)
Lo — Tsensor

Tk = T + COSQQ * VUpel + AL, (3.24)

Y = Yo + sin ©0 * Urel * At (325)

By applying these equations, the position of the evidence for future states k = 1,..., N
can be determined. This concept is applied within the criticality assessment to account
for dynamic changes of ego vehicle and VRUs in the environment. The advantage of
this approach is that the dynamic model is derived from only a single radar frame.

3.4 Discussion

This chapter presents a concept for assessing the criticality of so-called object evidence
in relation to the currently intended driving maneuver. It incorporates both the current
motion state and the future driving intention of the automated function in the shape
of the trajectory output to determine whether a potential object interferes with the
immediate driving policy. It models the occupied space of the vehicle as a driving tube.
The Frenet coordinate system enables efficient computation of the remaining distance to
the object evidence along the trajectory and facilitates the determination of whether the
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object lies inside or outside of the driving tube. Future positional changes of the object
evidence can also be incorporated by propagating its estimated motion and determining
and evaluating the maximum total criticality value across all predicted positions. As
the driving tube is considered as a convex shape, the sheering behavior of the vehicle
is incorporated adequately. The convex shape may lead to a consideration of object
evidence that is close to the driving tube, but not inside of it. This design decision is
made consciously to ensure that the considered set of object evidence is complete and
does not omit FN.

The criticality assessment is designed to make use of all available information to evaluate
the evidence’s relevance as accurately as possible. It can be applied to any type of sensor
data that contains at least positional attributes in the vehicle coordinate frame. This is a
major difference to conventional approaches, which typically assess relevance based
on an object list. As outlined in Subsection 2.3.2, an object list is the final stage of the
perception system’s processing pipeline. It thus contains only a reduced, processed
amount of information compared to the information content of the sensor’s raw data. As
a result, the criticality assessment could only change the behavior of the planning and
actor system, but is not able to adapt processes in the perception system. By contrast, the
proposed method allows criticality to be evaluated at earlier stages of signal processing.
This opens the possibility of incorporating additional sensor systems as information
sources, particularly when the existence of an object evidence is uncertain or disputed
by the primary sensor.

This uncertainty is usually incorporated into the filtering and processing pipeline of
perception sensors. Uncertainty is interpreted as the likelihood that an object actually
exists where object evidence is observed. To enhance their robustness, many existing
approaches rely on the estimated existence probability of objects, such as cars or VRUs,
as a primary indicator of object relevance and remove object evidence that is unlikely
to correspond to an actual object. However, such methods do not distinguish between
objects of different criticalities. As a result, a critical object whose existence is considered
less probable may be disregarded. This proceeding neglects the principle that functional
safety is defined as the frequency of injury-causing events to passengers or other road
users in a given timeframe. If a collision with an object is likely to result in injury, even
objects with a low existence probability must be considered to satisfy functional safety
requirements. Similarly, incorrect classifications can also lead to hazardous situations if
filtering is performed based on the semantic label of information. In this case, object
evidence representing a VRU could erroneously be classified as clutter and deleted.
The proposed framework addresses this shortcoming by incorporating criticality into
decision-making at early stages.

The proposed area criticality estimation utilizes the policy and motion state of the auto-
mated vehicle as inputs to evaluate the relevance of arbitrary sensor information. This
methodology addresses (RQ1), which concerns the relationship between perception
data relevance and the downstream planner. Since the criticality evaluation function
employs measurement parameters such as position (z,y) and Doppler velocity vpopp,
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which are already available in radar raw data, it can assess the criticality of radar data
at various processing stages. Besides, a class-level criticality measure crit a5 can incor-
porate information about an object’s class derived from other sensor modalities, such as
cameras. However, the use of cameras for criticality assessment is not investigated in
this work, as the described methodology is applied only when the presence of an object
is uncertain, that is, when no other sensor modality provides confirmed information
about the object’s presence. This condition implies that no other object information than
the object evidence of the radar is available.

The criticality assessment may exhibit FN scores, meaning that certain information is
classified as non-critical even though it may require continued observation to derive
a potentially urgent action. A common case of FN criticality is imprecise lateral po-
sitioning, particularly in a large lateral distance to the vehicle. Another source of FN
results is incorrect motion information, which may cause incorrect propagation of the
object’s future positions. Each occurring FN object evidence leads to the case that this
information is lost prematurely. A safety hazard arises if no additional object evidence
appears in subsequent sensor cycles. Although the likelihood of an object being present
only during one frame is low, the FN case needs to be prevented proactively. A further
risk is the "one cancels another" characteristic of the individual criticality components.
The total criticality becomes zero if any of the following conditions hold:

1. The intended velocity of the vehicle at the collision point with the object evidence
is Veoll = 0.

2. The object evidence appears too close or too far away from the vehicle for an
action to be deemed reasonable.

3. The object evidence seems to not appear to enter the vehicle’s driving tube.

If even one of these conditions is met, the object evidence is classified as non-critical.
Incorrect conclusions can be partly prevented by storing information with at least two
non-zero criticality components. Conversely, each noisy signal or point that falls inside
of the driving tube is treated as critical, as it is indistinguishable from actual object evi-
dence originated from real reflections. This means that FP instances make up the largest
proportion of the identified object evidence instances. Consequently, the precision of
the criticality assessment may be extremely low, potentially approaching zero. If a high
number of object evidence instances trigger emergency actions, the system’s robustness
is significantly compromised. The task of the downstream processing steps in the
perception system is to handle the additional information of the criticality assessment
method.

However, latent contextual information, which may be crucial for determining the
relevance of the information, is currently not integrated in the assessment. For example,
it is often difficult to determine from radar data alone whether an object is traversable.
This uncertainty arises because the reflection may originate from the ground, a pole,
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or another object outside the class of VRUs. As a result, every piece of object evidence
must be handled with equal caution.

With minor adaptations, the fundamental concept of criticality assessment can be
applied to various stages of radar data processing. In the following chapters, these
processing stages and the possible actions that may be triggered by critically assessed
object evidence are formally defined and discussed.
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This chapter discusses a framework for safety-aware processing of radar spectra, incor-
porating criticality assessment of RA cells into a modified variant of CA-CFAR. This
framework, described in Section 4.2, fosters the detection of weak peaks in critical areas
of the radar spectrum. This enables the detection and confirmation of weakly reflecting
objects that may be endangered by the trajectory planned by the automated function.
As outlined in Subsection 4.2.4, object candidates detected in images can serve as region
proposals for safety-aware peak detection in RF images. Section 4.3 evaluates this
framework using the ROD2021 dataset, which features spectra from various types of
VRUs, e.g., pedestrians and bicyclists. Section 4.4 concludes this chapter by discussing
its main findings.

4.1 Information Representation in Radar Spectra

As can be seen in the exemplary processing pipeline presented in Subsection 2.3.2, the
RF image constitutes one of the earliest steps in radar processing providing information
about object presence. Conventional radar data processing mechanisms extract points
from the RF image, however, a significant proportion of the information provided by the
radar sensor is already lost in this step. While Analog-to-Digital Converter (ADC) data
represents the pre-stage of the radar spectrum, apart from losses due to discretization,
the spectra themselves include all information about the received radar signal. The
algorithms applied to the spectrum extract points corresponding to signal peaks in the
spectrum, thereby generating a point cloud for downstream algorithms. Each point
in this point cloud is characterized by three fundamental attributes: range r, azimuth
angle ¢, and Doppler velocity vye.

The key indicators for the performance of peak detection are the number of type I errors
(FP) and type II errors (FN).

Definition 4.1 (FP and FN detections in radar spectra)
A FP detection in radar spectra is a peak that is not associated with an actual reflector.

A EN detection is a present reflector that lacks a corresponding identified peak in the
radar spectrum.

9 Chapter builds on [Brii+26].
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Precision and recall are two fundamental performance metrics for object detection directly
derived from the number of FP and FN reflectors counted across a set of measurement
frames.

Definition 4.2 (Precision and Recall)

The precision metric quantifies the proportion of detections in the detection set that
correspond to actual (,i.e., existing) objects.

.. TP
Precision = TP+ FP 4.1)

The recall metric quantifies the proportion of actual objects that have been correctly
detected.
TP

RecaH = m (42)

Both metrics are essential for the parameterization of a robust object detection algorithm:
low precision results in reduced robustness, and low recall results in an unreliable
detection function. Hence, both metrics are commonly combined into the so-called
F'-score, computed by

2.-TP

F— = .
1St = S TP Y FP+ FN

(4.3)

A perception function can be parameterized towards increasing the recall, which means
to accept a higher number of FP, or towards increasing the precision, which means
to accept a higher number of FN. The maximum F;-score typically offers a suitable
compromise between the precision and the recall value.

Figure 4.1 shows a qualitative ratio between recall and precision, including the maxi-
mum F}-score.

Moving to the right of the curve increases recall at the expense of lower precision, i.e.,
robustness. Conversely, robustness can be increased by moving to the left and accepting
more FNs, which reduces safety. Better data quality, achieved for example through
performant sensors or the application of sensor fusion, can shift the curve significantly
toward the upper-right corner. Improved data-processing methods, such as the adapted
treatment of information according to its classification [Lys+22], can also yield positive
effects. The figure compares performance under weak sensor data (red line) with
performance under average data quality (blue line). However, the curve still requires
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Figure 4.1: Relationship between recall and precision, maximum F-score of each curve, and possible im-
provement of the perception function through a safety-aware system.

balancing between recall and precision. The objective of the methods proposed in this
chapter and the subsequent chapters is to improve the recall rate, particularly in critical
areas, while maintaining robustness in non-critical areas. The advantage is that recall
can be enhanced in regions where FNs have a significant impact on functional safety
without compromising the function’s overall robustness. A qualitative representation
of such a safety-aware function is depicted as the dotted blue line in Figure 4.1.

Moreover, the ability to separate peaks is relevant. In discrete cells, two peaks at cells
a and b can only be distinguished if there exists a cell ¢ between a and b such that the
amplitude satisfies S(c) < S(a) and S(c) < S(b). However, if the differences between
S(a), S(b), and S(c) are small, the two peaks may merge into one, and the corresponding
reflectors are not separated.

The fundamentals of CA-CFAR, which is a common peak detection algorithm for radar
spectra, are outlined in Subsection 2.3.3. It estimates the general noise floor of the radar
spectrum by averaging the discrete measurement cells. A multiple of this estimated
noise floor is then used as a threshold for peak detection. The peaks detected in these
spectra are transferred to a point cloud.

In this work, the regular CA-CFAR threshold is extended by a merging strategy for
detections from single RA cells. If a peak spreads across multiple cells, this often results
in an accumulation of detections. To reduce the redundancy, Connected Component
Labeling (CCL) is applied, collapsing groups of connected detections into single repre-
sentative points. CCL is primarily known from image processing and also called blob
extraction. It identifies connected components such as groups of neighboring cells with
detection status. The von Neumann neighborhood is used, meaning that only the cells
with a neighboring edge are considered neighbors. For a cell C with the range index
r; and the angular index ¢, the four cells with following range and angular indices
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are neighbors Of C: (Ti—la ng_l), (7”1‘_1, ¢j+1), (’I“i+1, (pj_l), (’I“H_l, (pj+1) [KR96] Multi—
ple cells forming a neighborhood correlation are grouped into a single blob. During
iteration over all cells with a detection status, the following labeling rules apply:

e If a cell is not a neighbor of any of all previously visited cells, it initializes a new
blob.

e If a cell is a neighbor of an already labeled cell, it is assigned to the same blob.

To determine the center point or cell of a blob B = (C4, ..., C,_,.), one method involves

? 7 Meells

calculating the mean spatial center r, ¢ of the blob B:

1 Meells
rg = T(C’i), (4.4)
Neells ;5
1 TMcells
pp=——> ¢(C). (4.5)
Neells ;=5

However, this method may fail to locate the actual signal peak, especially if the object
is spatially spread within the spectrum. This can directly lead to a safety hazard if a
critical object such as a VRU is closer than determined by the peak detection algorithm.
For this reason, an alternative strategy is proposed: selecting the cell with the maximum
signal per blob over all chirps. In this case, the range attribute of the blob point is
rp = r(argmaxsc g S(C)) and the angular attribute is pp = ¢(argmaxo 5 S(C)).

The peak detection threshold depends solely on the noise level in a single time frame
and does not consider previous detections. Furthermore, the threshold does not adapt to
critical regions. As a result, weak reflectors may go undetected by the CFAR threshold
algorithm because the amplitude of their reflected signal remains below the threshold.
This information cannot be recovered in downstream clustering and tracking stages, as
these steps rely on the point cloud to generate object hypotheses. Therefore, it is crucial
to ensure that potential information is not lost during the peak detection step.

Three distinct types of errors can occur, which are illustrated in Figure 4.2. The first
type is a FP, meaning that a detection point is raised despite the absence of an actual
object. This error reduces the robustness of the downstream perception function. A
FP may cause the ego vehicle to brake unexpectedly, which can lead to collisions with
other vehicles. However, the injury risk during such collisions is significantly lower
since humans are vehicle passengers and thus protected by passive safety. The second
type is a FN, meaning that no detection is raised for an existing object. Minimizing this
error type as much as possible is essential, as it constitutes a root cause for hazardous
situations. If the objective is to achieve a high functional safety, the reduction of FN
errors has a higher priority than the reduction of FP errors. The third error type is
the merging of two objects into a single point. In an unfavorable situation, a strongly
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reflecting object may absorb weakly reflecting objects in its vicinity. When the two
objects are in close proximity, the impact of this merger on the downstream automated
parking function is limited. However, such cases should still be avoided whenever
possible.

ignal P«
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(a) False Positive Error

(b) False Negative Error (c) Object Merger Error

Figure 4.2: Error types in CA-CFAR threshold detection.

4.2 Subsequent Radar Peak Search

The standard CFAR algorithm estimates the noise level and detects peaks that exceed
this level in the radar spectrum. Consequently, a peak must exhibit a minimum multiple
of the noise power to be detected, which must exceed the threshold factor kumresh. As
outlined in Subsection 2.3.2, the power of the received signal depends on the object
reflectivity or RCS. This section discusses required threshold design to identify VRU
reflections in the spectrum and the application of the cell criticality assessment.

4.2.1 Concept of Threshold Adaptation

The SNR of a pedestrian is quantified in the following to motivate the discussion.
According to existing studies, the RCS value o of a pedestrian for 79 GHz radars ranges
between [—6dB m?,9dB m?] with a mean of approximately 3dBm? [MNK12], and
in the range between [—5dB m?,0dB m?] depending on the look angle, respectively
[CC14].

The SNR value can be determined by applying Equation 2.3 and the operating figures
of the respective radar sensor. For the Texas Instruments TI AWR1843 used in the
experiments, these operating figures are listed in Table 4.1 of Subsection 4.3.1. A
pedestrian target (RCS = 0dB m?) at a distance of R = 10 m produces a peak with an
SNR of 4.550 dB, corresponding to a linear factor of 2.851. If the threshold factor is set
higher than this value, an average pedestrian peak will fall below the CFAR threshold
and will not be detected. On the other hand, the threshold shall not be overly sensitive
to the noise standard deviation os. For clarification, Figure 4.3 illustrates the noise
floor and a received signal containing two peak. Peaks stand out from the noise by a
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specific margin relative to the noise floor. When signal power is plotted on a logarithmic
scale, the SNR can be read directly. In the figure, the green arrows indicate the distance
between the signal peaks and the noise floor.
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Figure 4.3: Signal with two peaks that significantly exceed the noise floor.

Conventional CFAR algorithms are designed to configure the detection threshold in a
way that balances both FP and FN rates. However, this standard approach overlooks
a crucial aspect: it does not account for the relevance of a cell with respect to the
downstream automated parking task. Every cell’s threshold is determined in the same
way, although some cells belong to the action space of the parking function, whereas
others are too far away from the vehicle to create any significant impact. Overlooking
objects may create hazardous situations in the former cells, while the consequences may
be negligible in the latter cells. Hence, for cells belonging to the driving tube of the
parking function, it may be justified to tolerate a higher number of FP cells in exchange
for reducing the FN rate.

Secondly, due to the highly dynamic nature of both the noise and the reflection processes,
the amplitude of a signal peak shows a high variance. This can result in an unstable
detection scenario, in which the peak of the reflection signal of one object sporadically
crosses above and falls below the threshold in consecutive radar spectra. As object
evidence can be interpreted as a peak in the spectrum, it can systematically be identified
by lowering the threshold around cells where a peak was detected in previous frames.
In this way, more consistent information can be accumulated, and the validity of a peak
can be confirmed more reliably.

The following subsection adapts criticality estimation to the specific use case of peak
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detection in radar spectra. Based on this criticality evaluation and the principles of
standard CFAR peak detection, an adaptive detection algorithm is proposed. This
algorithm has the potential to identify weak reflections which barely exceed the noise
level with a greater reliability.

Figure 4.4 compares this architecture with a standard peak detection pipeline. In critical
areas, potential candidates are identified using a weak peak detection approach. These
peak candidates are then verified based on temporal consistency across preceding radar
spectra. In the final step, the verified peak candidates are combined with the peaks from
the standard peak detection.

Standard Peak Detection

| Spectrum H Threshold H Peak Detection L > Detected
I Peaks

Criticality-Aware Peak Detection

’ Spectrum H Threshold Peak Detection } »  Fusion D;:;::d
Weak Peak Jibeshod Peak Detection in chk

I itical areas: Detecti —>» (reduced around _)P dine Spect Candidate

n critical areas: etection - receding Spectra Verification

Figure 4.4: Comparison of the standard peak detection algorithm with the criticality-aware peak detection
algorithm that integrates another peak detection cycle.

4.2.2 Criticality Evaluation on Single Cells

The evaluation of area criticality can be applied effectively to cells in radar spectra,
provided that both the range r and the azimuth angle ¢ are known for each cell. Under
this condition, the longitudinal criticality factor critj,, and the lateral criticality factor
critiys can be derived. The velocity criticality component critye defined in Section 3.3
depends solely on the spatial position of the cell and not on its Doppler velocity. There-
fore, the method is applicable for RA spectra. The polar coordinates of a cell C; ; can
be determined based on its range cell index 7 and the angle cell index j. The absolute
range r; is computed by multiplying the range resolution Ar with the cell index . The
absolute range ; of the cell i can be derived by rearranging the equation for the mixing
frequency fas in terms of the frequency slope ftransm:
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far =2 A “ac“sm, (4.6)
ri:Af-i-ﬁ. (4.7)
* Jtransm

The angle ¢; in radiants can be computed with

@ J
i=—=+4 . (4.8)
v 2 Neells

The cartesian coordinates are computed from the polar coordinates with

x =1, cos(p;), (4.9)
y =1r; -sin(e;). (4.10)

Instead of calculating the criticality for each object evidence, the property of the discrete
RA grid is utilized. For each cell C; ; with i € N; 1 <4 < npangebins and j € N; 1 < j <
Nanglebins, @ Criticality score is determined. Figure 4.5 illustrates an exemplary case. The
number of range bins and angular bins is equal: Nrangebins = Manglebins = 128. A straight
trajectory at a constant vehicle velocity of vyen = 4.0m/s is assumed. The velocity
criticality component is set to critye = 1.
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Figure 4.5: Exemplary criticality assessment of range and angle cells for a trajectory moving straight ahead at
a velocity vyen, = 4.0m/s.

This criticality assessment enables context-dependent processing in the next step by
allowing specific measures to be taken based on the criticality of the respective cell.
Standard CA-CFAR is applied to all cells not deemed critical in the current situation
(i.e., when crity, = 0).
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4.2.3 Threshold Reduction in Critical Cells

Region(s) of Interest (Rol) are defined as spatially constrained areas in which the
presence of an object should be examined in greater detail. In these Rol, the criteria for
interpreting available information as evidence of object presence are relaxed, meaning
that the signal power of the evidence needs to be lower to still be considered. The peak
detection step extracts a set Dgaf Of radar points, also referred to as detections, from a
three-dimensional RA spectrum. In this context, the detection threshold can be reduced
within Rol to enhance the visibility of weak detections with low SNR.

The threshold reduction shall be applicable at the smallest available spatial resolution,
which in this case is the RA cell. Secondly, it must support superimposability, that is,
the ability to apply multiple reduction terms to a number of Rol concurrently, resulting
in a total differentiable threshold function 7.

In the absence of motion information, object evidence is assumed to persist in the same
spatial cell. However, radar specific effects can cause that the peak variates in the cell
location. The range r(t + 1) and angle cell ¢(t + 1) in the next time step are modeled as
being normally distributed around the original cell C; ;, where the peak was previously
detected, with the standard deviations o, for the range cells and o, for the angular cells.
If a radar system observes a radar reflector that is located at the constant position (r, ¢),
the central limit theorem accounts for the measured range 7mess and azimuthal angle
Omeas- 1t is

T'meas ™~ N(,Ury Ur)a (411)
Pmeas ™~ N(/J«pa O'Ap)« (4.12)

To conclude, if information was measured in a cell C; ; at time ¢, it is assumed that
the position of the affected cells in the next time step can be modeled by a Gaussian
distribution centered at the cell C; ;. Hence, to find consecutive peaks, the threshold
reduction must follow the shape of a reversed Gaussian function with its expected
value located at cell C; ;. This term reducing the threshold function is referred to as the
Gaussian Dimple A.

Definition 4.3 (Gaussian Dimple A)

A Gaussian dimple is a three-dimensional Gaussian function that acts as a subtractive
term, reducing the CA-CFAR threshold locally. The position of the dimple is defined
by the cell at which its peak (imax, jmax) occurs. The width of the Gaussian dimple is
specified by w, in the range dimension and w,, in the angular dimension. Its depth is
controlled via the parameter d.
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A(i,j) = d - exp (_ (0= imax)® (= jm‘“)2>. 4.13)

Wy Wy

The depth d of the Gaussian dimple can enhance the detection of weak peaks. This depth
should be increased in proportion to the criticality of the cell in which the dimple is
placed and the certainty that an object inducing a peak is indeed present at that position.
The range width parameter w, of a Gaussian dimple should be chosen according to
the estimated variance in range when measuring a point target. Similarly, the angular
width parameter w,, corresponds to the expected variance in the angular dimension. A
separate dimple function is generated for each Rol. This yields a set of dimple functions
A1, ..., Ang,, corresponding to the Ngor Rols. For each cell, the combined reduction
threshold function A* is computed as the maximum reduction over all individual
dimple functions in the set.

A* (i, j) = max{Ax(i, 1)} (4.14)

The reduced threshold T™* is then calculated by subtracting this combined reduction
function from the original CA-CFAR threshold: T* = T" — A*.

Figure 4.6 illustrates an example based on a RA spectrum. A signal peak S is present at
the cell C;=51 j=51. However, as can be seen, this peak does not exceed the threshold
T determined by the standard CA-CFAR method, which is shown as the red dotted
line in the right-hand figure. When a Gaussian dimple is applied at the peak position,
the standard threshold 7 is reduced there, resulting in 7, shown as the red, solid line.
The position of the Gaussian dimple can be derived by prior object evidence obtained
from earlier measurements. In this example, the signal .S, represented by the blue solid
line in the right-hand figure, now exceeds the reduced threshold T at the peak, thus
confirming the detection of the object.

A constructive method for applying this strategy is outlined below. Every peak iden-
tified by the CA-CFAR detection algorithm serves as evidence of a potential object in
this area. However, depending on the configuration of averaging cells, guard cells, and
threshold level, this peak may represent a FP. Such detections should be disproved.
Conversely, TPs may be confirmed if the object evidence intensifies across additional
frames or channels. To approve or disprove object evidence, it is advisable to incorpo-
rate additional sources of information that can help mitigate detection errors. In the
context of radar peak detection, such information may either originate from additional
radar chirps collected during the same measuring step, or spectra data from subse-
quent measurement steps. Both sources contribute individually to investigating object
evidence more comprehensively.
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(a) Three-dimensional figure of the standard CA-CFAR (b) Two-dimensional power spectrum for a constant angular
threshold T" and the reduced threshold T of the cells cell 7 = 51. The weak peak is detected since the received
around a peak. signal S exceeds the reduced threshold T*.

Figure 4.6: Effect of reduction terms in the form of dimples for detecting weak signal peaks.

Individual radar chirps may contain random disturbances, provoked by stochastic
processes, which are not necessarily present in the same form across other chirps
within the same measurement. Examples of such disturbances include thermic noise,
quantization noise [Ali+24], or random dropouts.

In contrast, certain effects may consistently impair all radar chirps within a single
measurement frame. In such cases, multiple measurement frames can be leveraged
to confirm the object’s presence based on accumulated evidence. The impairments on
detection may not persist in the next measurement frame if they are temporary but
deterministic in nature, such as clutter effects from the ground, interference from other
radio emitters [All+19], or multipath reflections.

As stated before, it is sometimes beneficial to aggregate information from multiple
measurement frames to decide reliably regarding the presence of an object. However,
this approach incurs the drawback of increased latency, as additional time is needed
to collect enough frames for confirmation. This delay can be costly, particularly when
timely action is required to avoid a potential collision with the detected object. A
solution to this trade-off is to recapture past radar spectra in light of newly detected
object evidence. This information from past spectra can either prove or falsify the object
evidence. If such newly detected object evidence in the form of a peak in a spectrum is
observed for the first time, it may indicate either a FP detection, or that the reflection
was too weak to exceed the threshold in the preceding spectra before.

The framework includes maintaining a history of measurement frames for subsequent,
backward peak search in the past spectra. Specifically, the past spectra within a defined
time horizon th;s are utilized. Given a measurement frequency fimeas, the number of
measurement frames considered is Nhist = thist - fmeas- The current frame is denoted by
the index 7, and the preceding frames are indexed as 7 — 1,..., 7 — Npigt accordingly.
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Initially, any detected peak is treated as non-confirmed evidence. It generates a Rol
around the peak cell and its adjacent cells. The CA-CFAR-thresholds from preceding
measurement frames are then recaptured. Gaussian dimples are applied at each Rol,
and the threshold detection procedure is repeated. Since these measurement frames
span a time interval ¢y, it is necessary to consider potential object motion over time.
Accordingly, the Rol is enlarged proportionally to the time difference At, accounting for
increasing uncertainty about the object’s position in older frames. This time difference
is calculated for each preceding frame £ with 1 < k < Nyt At = ﬁ Simultaneously,
the corresponding dimple becomes shallower for higher At, reflecting the decreasing
probability of an object presence at one spot of the investigated region.

As described previously, Gaussian dimples are shaped using the parameters d, w,, and
w,. To summarize, the following relationships between the time difference At (the
difference of the preceding measurement frame k and the current measurement frame),
also called the age of the frame, and the dimple configuration, can be derived:

* At 1= w, T, w, T: Consideration of position uncertainties with higher measure-
ment age

* At t= d |: Probability to find object evidence in the formerly observed area
decreases with higher measurement age

Figure 4.7 illustrates exemplary how the reduced threshold evolves over time. The
reduction was applied to five preceding measurement frames (Nnist = 5). It can be
observed that the target is only detected in measurement frames with lower age at
the frame indices 7 — 1,7 — 2,7 — 3. Nevertheless, the threshold reduction area was
expanded to remain receptive to dimples in more distant cells. In this figure, only
one received signal is plotted due to better overview. The proposed method always
compares the corresponding received signal S;_; with the reduced threshold for this
signal T_,.

To combine the robustness of standard CA-CFAR detection with the sensitivity of
threshold reduction for identifying weak detections, it is proposed to perform a two-
stage peak detection process.

1. The first peak detection applies the standard factor K¢nresn. The goal of the first peak
detection is to detect strong peaks which can be considered confirmed detections
due to their high SNR. These detections are referred to as trusted detections and are
added to the set Diyst.

2. The second peak detection applies a reduced factor kresh,— < Ktnresh- It identi-
fies weaker peaks that are more likely to arise from noise and are less likely to
correspond to real objects. Since these detections are not considered as trusted
detections yet, they are termed detection candidates and collected in the set Deang.
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Figure 4.7: Gaussian dimple for threshold reduction, illustrating the creation of Gaussian dimples at a Rol to
reduce the threshold. The dimple becomes shallower and wider for thresholds 7 belonging to
older measurement frames.

The detection candidates are subject to a voting process. In this process, the threshold
from each preceding spectrum is lowered via Gaussian dimples in regions correspond-
ing to detection candidates. Gaussian dimples are only applied in areas that have
previously been assessed as critical, and their shape may be modulated according to the
criticality score of the corresponding detection cell causing the dimple.

Definition 4.4 (Detection in the RA spectrum)

A detection D is a peak in a two-dimensional or three-dimensional RA signal spectrum
that exceeds a threshold function T. It is characterized spatially by the index (i, j) of
the cell C; ; in which the signal peak forms and the assessed criticality of this cell. If
the detection candidate occurs in the context of safety-aware processing, this candidate
has the number of votes in the preceding spectra as an attribute.

D= {i, J,cc, nvotes}

For each preceding spectrum 7 — k,k € [1,..., Nyig], another peak detection is per-
formed using the reduced threshold T?*_, . The detections obtained from this step are
counted as confirmations if they can be matched to the respective detection candidate.
Each detection is characterized by its RA cell C; ; where the peak value is located. The
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range index ¢ and the angular index j of this cell are converted to cartesian coordinates
(xc,yc) by applying Equation 4.10. The cartesian coordinates (z¢-, yc-) of the detection
candidate Cj_; ,_; are determined analogously. The detection is considered matching
to the detection candidate if the Euclidean distance between the detection candidate
and the evaluated detection is less than the predefined matching distance dmatch. In this
case, the following condition applies:

matched « \/(xc/ —20)? 4 (Yyor — yo)? < dmatch- (4.15)

A matching detection candidate in an evaluated preceding measurement spectrum
contributes a vote for this candidate and increments its vote count by one. The number
of votes required to confirm a candidate can be selected based on the characteristics of
the spectrum and the CA-CFAR threshold factors used in both stages of peak detection.
Figure 4.8 illustrates the voting mechanism with representative examples: a trusted
detection exceeding the standard threshold kuyresh is always approved. A detection
candidate is classified as an approved detection if its accumulated vote count exceeds a
specified threshold Nyoes after the evaluation of the preceding spectra.

Measurement Frame Index
. Approved Detection Candidate

IT—5iT—4iT—3iT—2i7—1} T !

. . Disproved Detection Candidate
v ivil e

: : T
T ; : : C Detection Candidate
Vi i vy .
: : : \% Vote for Detection Candidate

Trusted Detection

Figure 4.8: Voting mechanism to approve or disprove detection candidates. In this example, at least three
votes (Nyotes = 3) are required to confirm a detection.

The set of approved detection candidates, denoted D and, appr, includes all detection
candidates in the set D.,ng Whose vote count attribute is at least the number of required
votes Nyotes: Deand, appr = {det € Deang|det.votes > Nyes |-

The final detection set D, returned by the criticality-aware peak detection framework,
comprises all trusted detections Dyt as well as all approved detection candidates with
a sufficient vote count Deand, appr: P = Dirust N Deand, appr-

Accordingly, the method consists of three cascaded stages of peak detection: the first
stage identifies strong peaks, the second stage finds peak candidates and the third
stage evaluates these candidates in preceding spectra, applying an adaptive threshold
based on Gaussian dimples to validate the presence of weak peaks. This framework is
summarized in Figure 4.9. The corresponding pseudocode is provided in Section B.2.
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Figure 4.9: Scheme for threshold reduction in critical cells of a radar spectrum.

4.2.4 Camera Information Fusion

In the previous section, it was demonstrated how a criticality assessment of the radar
perception field, combined with a reduced CA-CFAR threshold, can produce detection
candidates that are subsequently examined in greater detail to confirm or refute the
presence of object evidence. While this method provides one approach to identifying
relevant but weak reflections that may otherwise be missed by standard peak detection,
another means of identifying potential regions of interest is through the incorporation
of data from other perception sensors. The fusion of radar and camera data is a widely
discussed topic in research, see, e.g., [BF18; Kim+23]. The concept of this subsection is in-
spired by these approaches and combines them with the radar cell criticality evaluation
proposed earlier.

In an early-fusion strategy, camera information can support radar detection by propos-
ing potential object locations, even when the object’s radar reflection is too weak to
trigger a detection on its own. To integrate camera data into the processing pipeline
presented in this work, region proposals for potential object evidence must be provided
by the camera. In a simplified shape, these evidences can originate from a image object
detection algorithm. A camera image 7 from a monocular camera represents a two-
dimensional projection of the real world. Hence, it lacks direct depth information. This
missing dimension can either be estimated or calculated geometrically under certain
assumptions.

In this case, the following assumptions are made to estimate the three-dimensional
position of the image contents:

1. The measurement area is completely flat (z = 0), which is a valid assumption
for indoor parking garages and a reasonable approximation for most parking
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spaces. Referring to Chapter 3, the driving tube for criticality estimation is also
constructed in two-dimensional coordinates.

2. The image processing algorithm is capable of identifying the coordinates (uz-g, vz=0)
corresponding to the ground position of the object evidence.

3. The camera matrix K and the mounting height h.m of the camera are known.

Figure 4.10 illustrates the constellation of the projection with all dimensions.

Z world

X world y 0) hcamera)

Figure 4.10: Camera projection scheme applying the vehicle coordinate system and assuming that projected
points lie on the ground (Zyen, = 0), corresponding to Zcam = —hcam in the camera coordinate
frame.

Using the focal distances f, and f,, and the optical centers c,, c,, the image coordinates
(u,v) can be transferred into world coordinates (Xyond, Yworld, Zworld)- The camera
projection equation is:

U - f z 0 ¢ Yivorld
Xwordd * |V ]| = 0 fy Cy| - Zword | - (416)
1 0 0 1 Xworld
Given these assumptions and taking Zyoinq = —hcam in the camera coordinate system,

the longitudinal position (Xyor4) can be computed using the following formula:

v Xworld = fy : Zworld + Cy - Xworlda (417)

(v— Cy) - Xworld = _fy * heam, (4.18)
-h

Kworld = M- (419)

Cy — v
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By inserting this value into the equation derived from Equation 4.16, the lateral position
Yworld can be calculated:

Ce — U

7 (4.20)

onrld = Xworld :

If an image-based object detector is used that performs semantic segmentation of pixels
belonging to potential objects, the lowest pixel row vgroung is used to determine the
world position (Xword, Yworld) Of the object evidence. By contrast, image-based object
detectors that return bounding boxes [Gir+14; Liu+16] typically output these box in the
form (u, v, w, h), where (u,v) are the pixel coordinates of the upper-left corner point of
the box, and w and h represent the width and height of the bounding box, respectively.
For these detectors, the lowest pixel in the image is consequently determined with
Uground = ¥ + h.

To demonstrate this concept, the widely used YOLOv10 model [Wan+24a] is employed
in this work, using the pre-trained weight set yolov10Om.pt. Other image-based re-
gion proposals, which could employ features on pixel level, can be used in a similar
manner. YOLOV10 is an end-to-end object detector with a latency of only a few mil-
liseconds. Trained by default on the dataset MS-COCO [Lin+14], it is optimized for
general-purpose object detection. Although retraining on domain-specific datasets for
automated driving such as the Waymo Open Dataset [Sun+20] or Cityscapes [Cor+16] may
yield slight performance improvements, the default weights are considered sufficient
for a proof-of-concept implementation.

Figure 4.11 shows an example image from a street scenery. The YOLOv10 model
has been applied to the image, and the resulting bounding boxes are visualized. The
projection is calculated exemplary for this scenario and the calculation is given in
Section B.1. The border color of each bounding box indicates the detected object class:
blue for cars, red for pedestrians, and green for bicyclists. For each bounding box, the
variable vgoung is included to enhance interpretability. The bounding box corresponding
to the man on the bicycle is detected by YOLOv10, but not shown in the figure for better
clarity.

The likelihood of observing a bicyclist or car as a single weak radar reflection peak
that is insufficient in its altitude to exceed the CA-CFAR threshold is low compared to
pedestrians. Bicycles and vehicles have significantly better radar reflection properties
due to their metal structures. Hence, they typically generate multiple radar detections
and are not modeled as single-point targets. Since this work focuses primarily on
pedestrian safety, only detection bounding boxes labeled as pedestrians are considered
for the threshold reduction method.

Each bounding box that is returned by YOLOv10 and labeled with a pedestrian tag is
treated as object evidence. In a second step, the criticality of each detection is evaluated
using the same methodology described in Subsection 4.2.3. Based on this evaluation,
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Figure 4.11: Camera image of a street scenario included in the dataset used for the experiments of this section
[Wan+21a], showing vehicles, pedestrians, and a bicyclist. The pixel row corresponding to the
ground is highlighted with a text box.

Gaussian dimples are applied at the bounding box positions to reduce the detection
threshold in these regions accordingly. This facilitates the detection of flat or weak peaks
in regions where the camera contributes supporting evidence for object presence.

This methodology describes how camera systems can be employed to apply the CA-
CFAR threshold reduction which was described in Subsection 4.2.3 before. It is com-
pared to the subsequent peak search approach in the following section.

4.3 Evaluation of Safety-Aware Peak Detection

In the next step, the capability of the proposed framework — namely, reducing the
standard CA-CFAR threshold applied during peak detection in the RA spectrum — is
investigated. The evaluation requires a dataset that includes radar spectra collected
in scenarios representative of the ODD of an automated parking function. The used
dataset is introduced in Subsection 4.3.1, which describes its structure and the scenarios
it covers. Based on this dataset, various experiments are conducted to examine the
impact of different parameters on detection performance. The experimental setup and
the performance metrics used are outlined in Subsection 4.3.2. Finally, Subsection 4.3.3
presents the experimental results.
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4.3.1 Dataset

The number of publicly available datasets that provide RA or RAD radar spectra with
pedestrian data is limited. Some datasets, such as [Dim+20], are recorded in urban
driving scenarios where the recording vehicle moves too quickly to reflect a parking-
related ODD. Others, like the CARRADA dataset [Oua+21], contain limited scenario
diversity and are collected in static environments such as a single fixed parking lot
location.

To evaluate the proposed framework, a dataset was selected that offers a balanced com-
promise: it includes some scenario variability while maintaining moderate complexity
to support explainability and systematic evaluation. For this reason, the ROD2021
dataset [Wan+21la] was used. ROD2021 is a subset of the CRUW dataset [Wan+21b],
and it includes RA radar spectra, images captured by a calibrated stereo camera, and
GT object annotations in the form (x,y, class) of mostly urban traffic scenarios. The
composition of scenes inside of the ROD2021 dataset is illustrated in Figure 4.12.

Parking Lot Public Road near Urban Traffic Highway Traffic
Campus
50 Sequences 25 val, 5 test 9 val, 1 test 3 val*, 2 test 3 val, 5 test

Green font: used in experiment, red font: not used in experiment
* (fast urban traffic scenario was excluded from experiments)

Figure 4.12: Scenario structure of the ROD2021 dataset, with scenarios used in the experiment for validation
shown in green, and unused scenarios shown in red.

For evaluation in this work, the three highway sequences and one high-speed urban
sequence were excluded because they do not align with the ODD of an automated
parking function. Moreover, the test sequences were not used, as they lack object GT
annotations and camera images.

ROD2021 was recorded using the TI AWR1843 FMCW radar sensor, whose operating
figures are listed in Table 4.1.

The dataset includes RA spectra that are generated by applying a range Fast-Fourier-
Transformation (FFT) followed by an angular FFT. Each spectrum comprises 128 discrete
range bins and 128 angular bins. Both the real part and the imaginary part of the signal
values are stored separately. To compensate for the amplitude’s dependency on the
reflector’s range, min-max scaling is applied. Each measurement frame includes 255
chirps, but the dataset only provides spectra for the four chirp sequences with indices
[0,64,128,192]. The sensor covers a range of 25 m and an azimuth Field of View (FoV)
of £90°. The magnitude of each chirp signal |C| is computed from its real part Re(C)
and imaginary part Im(C') as follows:
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Table 4.1: Operating figures of the TI AWR 1843 radar sensor.

Description Symbol Value
Transmitter Power P, 12dBm
Total Antenna Gain Gransm * Grec 42dBm
Radar Frequency f 76.5 GHz
Temperature T 20°C
Bandwidth B 650 MHz
Noise Factor F 25.119
System Loss L 6dB
MIMO Configuration MIMO 2Tx, 4 Rx
|C| = V/Re(C)? +Im(C)2. (4.21)

A plot of the magnitude heatmap for a single measurement is shown in the upper
Figure 4.13a. High magnitudes are visualized in yellow colors, and low magnitudes in
violet. The corresponding camera image is shown in the lower Figure 4.13b.

4.3.2 Experimental Setup

The experimental evaluation is divided into three components:

1. A baseline experiment.

2. Multiple variations of the safety-aware peak detection algorithm involving the
use of preceding radar spectra.

3. Experiments that include camera image fusion, where the YOLOv10 object detec-
tor provides potential peak candidates based on its bounding box outputs.

The object GT labels in the dataset consist solely of a two-dimensional point (z,y)
marking its center and a class label. Thus, they do not account for the physical extent of
each object or the spatial imprecision of radar measurements. To address this spatial
imprecision in the world coordinates, an Euclidean distance daccept is introduced during
the matching process from GT objects to detected radar peaks. This acceptance distance
daccept defines whether a detection can be considered a match to a GT object or vice
versa. Due to varying dimensions of each object class, the value of daccept is specific to
the class label of the respective GT object. Table 4.2 lists the class labels along with their
corresponding acceptance distances daccept- The distances roughly reflect the average
physical extent of objects in each class.
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Figure 4.13: Exemplary frame from the ROD2021 dataset: sequence PMS2000, frame 208.

The two principle metrics for assessing perception performance are FP peaks and FN
detections.
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Table 4.2: Acceptance distance for various GT annotations, showing the values of the acceptance distance
daccept for the different GT classes.

Pedestrian Bicyclist Car

Distance 1.5m 2.2m 4.0m

Definition 4.5 (FP Peak Detection)

A peak exceeding the CFAR threshold and registered as a detection is called a FP peak
detection if it cannot be matched to any GT object. That is, the distance dyn to the
nearest GT annotation exceeds the object-specific acceptance distance daccept.

Definition 4.6 (FN Non-Detected Object)

A GT object annotation is classified as a FN non-detected object if there is no corre-
sponding detection within the acceptance distance. Formally, the distance dyn from
the annotation to the closest detection exceeds the object-specific acceptance distance

daccept-

Both an exemplary FP and a FN detection are illustrated in Figure 4.14. Grey dashed
circles represent cases where detections and annotations lie within the acceptance
distance daccept and are thus matched. Red dashed circles indicate instances where the
acceptance distance is exceeded. The detection is thus considered as a FP, and the
annotation is evaluated as a FN.

s
\
/ FP \
| X | TP
\ /
~_ -~ oX X Detected Peak
TP X L, -~ N O Ground Truth Annotation
Q /
X ' E [ O |
: : \ FN
— S
daccept

Figure 4.14: Detection metrics derived from GT annotations, illustrating detections and annotations classified
as TPs, FPs and FNs.

In addition to these detection counts, the precision and recall metrics are computed using
Equation 4.1 and Equation 4.2, respectively. All performance metrics are calculated
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separately once for the entire perception area and once for the driving tube which has
been assessed as critical by the framework.

Baseline Experiment

The goal of the baseline experiment is to quantify the performance of standard CA-CFAR-
based peak detection. The results serve as reference for evaluating the safety-aware
enhancements proposed in this work. The baseline experiment consists of two parts: the
cell parameter evaluation for averaging cells and guard cells, and the evaluation of the
threshold factor kinresh. In the first part of the experiment, peak detection is performed
using a fixed threshold factor kwresh = 5.0 in a reduced set of sequences altering the
parameters bay, 1, bay, o, bguard, r aNd bguard, - As the reduced set, four sequences!” are
selected for their variety in scene complexity and object types: one sequence with
a bicyclist, one sequence featuring only one pedestrian, one sequence featuring two
pedestrians and one urban sequence. In the second part, the threshold factor knresh is
varied in steps of 0.2 from 2.4 to 7.0 in the same sequence set to identify the optimum
threshold factor kinresh, opt fOr peak detection.

For each combination of cell parameters and threshold factor, the core evaluation metrics
are computed: FP, FN, recall, precision, and F-score.

Experiments on Subsequent Radar Peak Search

The effectiveness of the subsequent, zone-aware radar peak search is investigated
through five distinct experiments, labeled A to E. Each experiment evaluates a different
configuration of the threshold reduction and use of information from preceding radar
frames. The specifications for each experiment are detailed below.

A. Subsequent peak search without additional dimples. After applying CA-CFAR
with the standard threshold factor Kgyesh, opt, @ reduced threshold factor Anresh, - <
Kthresh, opt 1S used to identify weaker peaks. A voting process is applied, and a
weak candidate is confirmed if it receives more than two votes (N, e > 2).

B. Threshold reduction in critically assessed cells. In cells that are not assessed as
critical, the standard optimum threshold factor Eipyesh, opt is used. In contrast, for
cells C; ; deemed critical (critiora(Cy ;) > 0.0), the same CA-CFAR algorithm is
applied but with the same reduced threshold factor knresh,— as in variant A.

C. Subsequent radar peak search with additional dimples, using a low number of
preceding spectra Nyt = 3 for backward analysis.

D. Subsequent radar peak search with additional dimples, using a medium number
of preceding spectra Nyt = 5 for backward analysis.

10" 12019_04_09_BMS1000, 2019_04_09_PMS1000, 2019_04_09_PMS2000, 2019_04_30_MLMS000]
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E. Subsequent radar peak search with additional dimples, using a high number of
preceding spectra Ny;st = 8 for backward analysis.

The parameters used for the experiment variants C to E, including the number of visited
preceding spectra for backward peak search ny;s , the number of required votes for a
weak peak candidate in the preceding frames Nyotes, and the dimensions of the dimples
w, and d, are summarized in Table 4.3. The dimple width in the angular direction is
fixed at w, = 8.0 for all experiments.

Table 4.3: Variation of the experimental setup to investigate the subsequent radar peak search framework.

Variant Nhist  Nyotes Wy (T — Nty -+, 7 — 1) d(T — Nhisty---,7 — 1)
C 3 2 [5.0,3.0,1.0] [0.133,0.267,0.400]

D 5 3 7.0,5.5,4.0,2.5,1.0] [0.08,0.16,0.24, 0.32, 0.40]
E 8 5 [11.00,9.57,8.14,...,1.00] [0.05,0.1,0.15,...,0.40]

The spatial spread of each dimple is derived based on the expected movement of
VRUs during the observation time window. The frame rate in the ROD2021 dataset is
ftrames = 30 Hz for both RA measurements and camera images. The observation time
for backward analysis is calculated as topserv = f]:al:;' Given the length of one range bin
dpin,r = 0.195m and the maximum expected VRU velocity vyry, the maximum number

of crossed range bins Nyins, crossed during the observation time can be estimated as:

UVRU * NVhist

Nbins, crossed — (422)

fframes ' dbin,r

As an example, if the observation length is five frames (Vnst = 5) and the maximum
expected VRU velocity is vyry = 8.0 km/h, the number of potentially crossed range bins
iS Npins, crossed = 6.84, which is rounded up to determine the maximum dimple width in
the range dimension, yielding w, (1 —5) = 7.

Experiments with Image-Based Cell Proposal

In contrast to the backward radar peak search, which operates on preceding radar
spectra, the image-based cell proposal approach uses only the current radar spec-
trum. However, it relies on objects detected in the corresponding camera image by the
YOLOV10 object detector. A CA-CFAR standard threshold is computed using the stan-
dard threshold factor kiresh. In a parallel processing step, YOLOv10 identifies objects in
the camera image. All object bounding boxes labeled as pedestrians are projected onto
the radar cell grid. Gaussian dimples are applied at those positions to locally reduce
the threshold. Each Gaussian dimple has the same configuration, defined by its depth
d = 0.8, the range width w, = 7.0 and the angular width w, = 7.0.
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4.3.3 Experimental Results
Results of the Baseline Experiment

The recall and precision values for various parameter combinations is presented in
Table 4.4. This table includes all combinations of a kernel’s shape:

bay

bav, max

* Widely separated guard cells and averaging cells, < 1, bguard = bguard, max-

* Both guard and averaging cells close to the cell under test ﬁ <1, e,

'guard, max

* Both guard and averaging cells distant from the cell under test b,y = bay, max,

bguard = bguard, max-

Additionally, the best-performing configuration is shown in the final row.

Table 4.4: Detection performance for different CA-CFAR parameter combinations.

Param. bay, 1, bav, o> bguard, rs Dguard, » FPs FNs Fj-score Recall Precision
[4,12,2,2] 725 5323 0.019 0.011 0.073
[4,4,2,2] 1320 4536 0.222 0.157 0.380
[4,12,2,10] 16143 1047 0.350 0.805 0.224
[12,12,2,10] 13309 970 0.402 0.820 0.267
[12,12,10,10] 10030 926 0.479 0.828 0.337
[12,4,2,2] 7947 1095 0.505 0.797 0.370
[12,12,2,2] 5214 1110 0.588 0.794 0.467
[12,12,10, 2] 4489 1139 0.614 0.788 0.502
[12,4,10,2] 4020 1235 0.623 0.771 0.523
[12,8,10,2] 4000 1226 0.624 0.772 0.524

It was observed that if the number of guard cells is too low, the receptive field of the
kernel used to estimate the noise level is influenced by the peak itself, causing most de-
tections to be missed. Conversely, large guard cell regions detect more objects but at the
cost of a significantly higher number of FP detections. Interestingly, a kernel stretched
in the range dimension and compressed in the angular dimension achieved the best
trade-off between FPs and FNs, even though the range peak is typically narrower than
the angular peak. The objective of the parameter sweep performed in this experiment
was to identify a configuration with high recall while maintaining acceptable precision.
Therefore, the parameter combination with the highest F;-score was selected for further
evaluation. This parameter set is by, r = 12, bay, » = 8, bguard, r = 10, bguard, o = 2.

Using this parameter set, the impact of the threshold factor kinresh On detection per-
formance was analyzed in more detail. Particularly, the balance between recall and
precision was investigated. Figure 4.15 illustrates the effect of varying the threshold
factor Einresh-
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Figure 4.15: Recall, precision, and F-score as functions of the threshold factor knyesh for the CFAR peak
detection.

As shown, the optimum F-score of 0.647 is achieved at a threshold factor of nresh, opt =
5.6. This threshold factor is used as the standard threshold to identify trusted detections.
For the experiments, a reduced threshold factor of kiresh,— = 4.0 is chosen, as this
value differs significantly enough from the standard threshold and thus facilitates a
comparison between the standard park detection and the safety-aware peak detection.

In the final step, peak detection was performed across all sequences in ROD2021 using
the identified parameter set and the optimal threshold factor. As results for the baseline
experiment, the number of FN is 15,145, and the number of FPs is 39,350. This results in
a precision of 0.483, a recall of 0.666 and an F}-score of 0.560. Compared to the results
on the reduced set of sequences, the performance on the full dataset is limited, with
a drop of eleven percentage points in recall and four percentage points in precision.
The remaining sequences in the dataset contain a larger number of objects and exhibit
greater scene complexity. These factors generally lead to increased noise levels, which
hinder accurate object detection. Moreover, the full dataset includes more structural
elements, such as guard rails and lampposts, that may be detected by the radar sensor,
but mistakenly counted as FPs in the evaluation.

Results of the Subsequent Radar Peak Search Experiment

Table 4.5 presents the evaluation results for all experiment variants related to subsequent
radar peak search, as described in Subsection 4.3.2. The table reports the number of
FPs, FNs, as well as recall, precision, and F}-score. The results are presented for the
overall FoV and for the area identified as critical, as illustrated in Figure 4.5. Moreover,
the table compares the performance metrics to the baseline values established in the
previous Section 4.3.3.
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Table 4.5: Comparison of detection performance between the baseline CA-CFAR and variants of the subse-
quent radar peak search.

Baseline A B C D E
FP 39,350 40,180 41,194 41,681 42,160 42,505
FP assessed crit. 1,959 2,781 3,855 4,286 4,770 5,118
FN 15,145 13,026 13,058 12,783 12,282 12,126
FN assessed crit. 4,521 2,532 2,801 2,284 1,844 1,713
Recall 0.666 0.712  0.711 0.718 0.729 0.732
Recall assessed crit. 0.823 0.901 0.890 0.911 0.928 0.933
Precision 0.483 0.499  0.503 0.493 0.496  0.497
Precision assessed crit. 0.925 0.908 0.884 0.867 0.859 0.852
Fi-score 0.560 0.587  0.590 0.585  0.591 0.592
Fi-score assessed crit. 0.871 0.905 0.887 0.888 0.892 0.891

All methods incorporating criticality-aware peak detection in the RA spectrum demon-
strate a notable reduction in FN detections. A large effect was already achieved by
investigating the preceding spectra without utilizing Gaussian dimples (experiment
variant A). The number of FPs increases only slightly by 2.1 %, and the number of FNs
is reduced by 14.0 %. Variant B, reducing the threshold in critical cells to achieve more
sensitive peak detection there yields a comparable reduction of FNs. However, the
number of FPs is considerably higher compared to the other experiment variants and
nearly double the FP count of the baseline.

Introducing Gaussian dimples, which is investigated in the variants C to E, provides
additional improvements: the number of FNs reduces about 1.9 % to 6.9 % relative to
variant A where no dimples were applied. This improvement comes at the cost of an
increased number of FPs, which is around 3.7 % to 5.8 % higher in the variant with
dimples compared to variant A without dimples. It is important to note that the FP
count may be partially inflated due to detections of objects that are not labeled in the
GT. In such cases, TP detections could be misclassified as FPs.

The benefits of the proposed method are more pronounced when the cells of the driving
tube — the region assessed as critical — are analyzed separately. The recall increases by
up to eleven percentage points compared to the baseline, while the precision decreases
by approximately seven percentage points in this area.

Variant C to E confirm the trend that a longer observation horizon results in fewer FNs,
but also leads to a progressive increase in FPs.

Results of the Image-Based Cell Proposal Experiment

The results of the image-based cell proposal experiment are shown in Table 4.6.
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Table 4.6: Comparison of detection performance between the baseline CA-CFAR and the image-based cell

proposal.
Baseline Image-based cell proposal
FP 39,350 48,082
FP assessed crit. 1,959 7,266
FN 15,145 14,809
FN assessed crit. 4,521 4,284
Recall 0.666 0.673
Recall assessed crit. 0.823 0.832
Precision 0.483 0.443
Precision assessed crit. 0.925 0.777
F'i-score 0.560 0.534
Fi-score assessed crit. 0.871 0.804

The method leads to a negligible decrease of FN objects that are not detected, but
introduces a significant increase in FP detections. Consequently, the overall F;-score
degrades in comparison to the baseline. Most of the additional FPs issued by the image-
based cell proposal method occur in the critical region, which has a negative impact on
the robustness of the perception function.

4.4 Discussion

This chapter introduced several strategies for evaluating radar spectra with an emphasis
on enhancing the safety of the overall perception function. Peak detection in radar
spectra is a crucial processing step that reduces a continuous signal, containing values
for each RA cell, into a small set of radar detections. As such, most of the information
captured by the radar sensor is discarded in this process stage. If a peak in the signal
is not detected by the peak detection during this stage, the corresponding information
cannot be recovered later in the processing pipeline. Thus, it is essential to integrate
safety-aware concepts already at the peak detection level.

The CA-CFAR algorithm remains the prevailing method for peak detection in radar
signal processing and is well-suited for integration of additional context information.
The core idea of safety awareness in radar signal processing is that the acceptable risk
of missed detections should depend on their spatial location. Specifically, missing
a detection in a safety-critical region, where it could lead to harm to VRUs, evokes
greater consequences than in other regions. For this reason, a criticality assessment
function is applied to the RA spectrum, assigning an individual criticality value to each
cell depending on its relevance for the current driving task. In the experiments, this
criticality function is assumed to be static, reflecting the nature of the ROD2021 dataset,
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which contains only scenes that are representative of the ODD of an automated parking
function. However, a concrete context that includes the intentions of the function is
not given in the dataset. Therefore, the intention that is assumed in the experiment is
a straight, linear movement of the sensor toward the scenery. However, this assumed
motion does not necessarily result in a meaningful increase in criticality for all objects.
Consequently, the experiments focused primarily on whether detections for critical GT
objects were more likely to be identified or recovered using the proposed method.

It is important to acknowledge that the ROD2021 dataset does not include situations
from indoor parking garages, which are a key part of the ODD for automated parking
functions. Radar waves in such environments exhibit distinct propagation behaviors
in parking garages due to structural elements such as metal ceilings, exposed pillars,
and fences. These structures act as a strong reflector for radar waves that can obscure
weaker reflectors from nearby VRUs. The limitations of the ROD2021 dataset prevent
detailed investigation of these complex effects.

The proposed method of subsequent radar peak search, applied to preceding RA spec-
tra, preserves the standard concept of peak detection, which extracts a point cloud
from peaks in the radar signal for further processing. The novelty lies in additional
mechanisms that enhances the treatment of weak but potentially relevant peaks. The
core idea is that detections are likely to appear in more than one radar spectrum, even if
the peak has a low height. A two-stage peak detection is applied: in the first stage, a
standard CA-CFAR algorithm is used to identify peaks with a high SNR that are directly
proven to be trusted detections of objects. In a second stage, a peak detector with a
lower threshold identifies detection candidates, which may represent weaker reflectors.
For each detection candidate, the peak detection threshold is reduced around the cells
where detection candidates occurred. The approach leverages the idea that valid object
detections are likely to reappear across multiple frames, even if their signal strength is
weak. Backward peak detection in Rol increases the likelihood of capturing such weak
signals and improving recall of detections.

The voting concept, which searches for peaks in preceding radar spectra and associates
these peaks with detection candidates, was evaluated in experiment variant A. This
approach resulted in overall recall increase of 4.6 percentage points compared to the
baseline experiment. When considering only critical FN objects in the recall metric, the
recall improved by nearly eight percentage points. These results provide evidence of
temporal consistency in radar reflections from real objects, that is, a peak generated
by an object in one frame is likely to be generated similarly in adjacent frames. The
ratio of FP to FN detections remained acceptable, as indicated by the improved F;-score.
Compared to the baseline, the modified approach accepts to generate more FP than FN
detections, which is a sign for increased safety of the perception function. Additional
FPs may still arise in some cases. One reason is an object moving rapidly while motion
estimation is not accounted for due to missing Doppler information in the dataset.
Another reason is an object just entering the radar sensor’s FoV, making it impossible
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to identify corresponding peaks in preceding frames since these earlier frames do not
contain information about the object.

Lowering the threshold in cells assessed as critical produced a similar improvement
in recall, but at the cost of reduced precision. This is likely because no information is
available to validate whether a peak existed in preceding spectra already. It also proves
the effectiveness of analyzing preceding spectra. Incorporating this information and
facilitating the detection of weak peaks by the introduction of Gaussian dimples further
enhanced recall. Variants C through E showed a one to two percentage point gain in
recall compared to experiment variants A and B. Although the number of FPs increased
relatively to the baseline, the precision remained stable. This is because the number of
TP detections on existing objects also rose with the number of FPs, keeping precision
effectively constant despite the absolute increase in FP counts.

Figure 4.16 illustrates the effect of voting and Gaussian dimples in detecting a low-
intensity peak located near a high-intensity peak. In a standard CA-CFAR scenario,
separating these two peaks across adjacent range bins is challenging. The lower peak
is often masked by the noise floor estimation in this region, which is heavily biased
by the adjacent high peak. Figure 4.16 contains four figures that each represent one
measurement frame [529, 530, 531, 532] of the exemplary situation 2019_04_09_PMS2000.
In frame 532, the weaker peak fails to exceed the standard threshold 7. Although
similar peaks exist in previous frames 529, 530, and 531, they also go undetected by
the standard threshold. However, when a reduced threshold T including Gaussian
dimples is applied, the peak is successfully identified in all earlier frames. These earlier
detections vote for the candidate peak in frame 532, thereby confirming its presence and
preventing a FIN.

Experiment variant C considered only the three most recent radar spectra, resulting in
the shortest observation period among all evaluated configurations. In contrast, variant
E included an observation period of eight preceding spectra, offering a significantly
longer temporal horizon. The results suggest that a longer observation period is benefi-
cial when higher safety guarantees are desired. Specifically, the probability of detecting
even a TP with a weak or vanishing peak increases with a longer horizon, albeit at the
cost of more FP detections. In addition to the observation period, the required number
of votes to confirm a detection candidate serves as another parameter for controlling the
robustness and sensitivity of the peak detection process. Requiring fewer votes leads to
faster confirmation of the object, which can help reduce the number of FNs, but may
also increase susceptibility to noise.

Gaussian dimples, once introduced, can also be applied to facilitate peak detection if
other information about the presence of objects is available. In perception systems, this
information may also be obtained from other sensor modalities, such as cameras. Ac-
cordingly, an image-aided approach was investigated, in which Gaussian dimples were
introduced at locations where objects were detected by the object detector YOLOv10.
However, this method did not yield promising results in the experiments. A very high
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number of FPs was observed, accompanied by only marginal improvements in FN
reduction. One reason for this might be a partially suboptimal quality of camera images,
which manifests itself in blurred images. This affects the performance of YOLOv10
in these images. In other images, pedestrians were partially occluded or located in
very shadowy environments, leading to missed or inaccurate detections by YOLOv10.
Additionally, the projection of bounding boxes from two-dimensional image space to
the three-dimensional radar coordinates may introduce localization errors. Even minor
pixel-level inaccuracies in the bounding box location can propagate into an error of
several meters in spatial positioning, especially if the object is far from the camera.
Consequently, the Gaussian dimple may be applied to an incorrect region, failing to
support the detection of the actual peak.

A central question of this thesis is how the processing of radar data can be adapted
according to the criticality evaluation delivered by the method proposed in Chapter 3.
Two approaches, subsequent radar peak search and image-based cell proposal, address
(RQ2) at the radar spectrum data stage. Peaks that are too weak to exceed the standard
CA-CFAR threshold, and therefore cannot progress to the point cloud stage, are ex-
ploited if they are located in a sufficiently critical region of the spectrum. The following
chapters, Chapter 5 and Chapter 6, address the same question for subsequent processing
stages, such as point clouds and object hypotheses.
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Safety-aware processing on radar spectra is the best option for preserving as much
information as possible about object presence. However, the amount of processed data
in radar spectra is enormous, and the contextual information can be lower compared
to later steps in the signal processing chain. Hence, the safety-aware peak detection
method introduced in the previous chapter may not always be applicable. This chapter
presents a method to incorporate safety awareness into radar data structured as a point
cloud. First, the role of radar point clouds and their typical properties are outlined
in Section 5.1. Subsequently, in Section 5.2, a framework is introduced that evaluates
the potential impact of each radar point on the parking task for a given radar point
cloud. For automated driving and parking functions, an essential challenge is to
derive the quantitative failure rate of the perception system, which directly influences
the occurrence of erroneous behavior in the overall function. Section 5.3 presents a
methodological concept to determine this failure rate based on missed detections on the
point cloud level. The evaluation of the safety-aware point cloud processing is described
in Section 5.4, using an urban dataset of radar point clouds. Finally, Section 5.5 discusses
the outcomes of the experiments and contextualizes them within the methodological
considerations.

5.1 Radar Point Clouds in Object Detection

Radar point clouds are an intermediate representation in radar data processing between
the digital signal and an object hypothesis. Although radar waves propagate continu-
ously, the reflections can be expressed as a point cloud P. This point cloud consists of
Np points, P = {p1, . ..,pn, }. Each point is — at its most basic — characterized by a
range r from the sensor, a relative velocity vy, determined by the Doppler frequency
shift, and the azimuth angle . These three components are direct outcomes of the
three Fourier transforms, one for each dimension. Moreover, radar points often have
additional attributes, such as the point’s signal power, the SNR, which is closely related
to the signal power, the RCS value, which also depends on the signal power, the eleva-
tion angle, if the antenna arrangement of the radar sensor is capable of measuring this
dimension, and information from early preprocessing steps, such as a flag indicating
whether the point belongs to a moving or stationary object. While VRUs typically
generate only a single radar point, larger reflectors, such as cars or trucks, produce
several reflections that support the classification of the object.

1 Chapter builds on [Brii+24d].
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Radar point clouds are popular because they reduce the amount of data significantly
compared to radar spectra. However, the number of FP detections in a radar point cloud
is still high. Consequently, the point cloud is noisy and requires filtering strategies to
achieve robust object detection. On the other hand, the number of TP points associated
with relevant objects in one radar measurement frame is sparse. This sparsity motivates
the strategy of point cloud accumulation to densify the data. A simple filtering strategy
is to remove radar points based on thresholds for particular point criteria. In the
following, this approach is referred to as rigid filtering.

Definition 5.1 (Rigid Filter)

Let a point cloud P be given, containing a set of points p. Assume that each point
p has an attribute a. A rigid filter removes all points from this point cloud P if the
attribute a lies outside the value range [a1, a2] specified by the filter.

P = {p € Plar < p.a < az} (5.1)

The criteria of a rigid filter result from the measurable attributes of a radar point.
Rigid filters can be combined using Boolean algebra to include multiple conditions
simultaneously.

Below, a suitable cascade of rigid filters for the object detection task is designed. Radar
points at larger distances are relevant for tasks such as localization or free space esti-
mation in parking scenarios. Moreover, they are predominantly used for automated
driving tasks in rural or highway ODDs. For object detection in parking scenarios,
however, these radar points are irrelevant because their distance is too large to cover
areas prone to collisions with the ego vehicle. Therefore, the first rigid filter is applied
to the z-position and y-position of each point. Considering a planning time frame of
tplan = 3.0s for automated parking maneuvers, and assuming that the velocity of an
object of interest is Vobj < 4.0 m/s, points with z > 20.0m or y > 10.0 m can be removed
to reduce the size of the point cloud.

The measured Doppler velocity vy also provides an opportunity to remove potentially
invalid radar points. Points caused by interference from other radars in the ego vehicle’s
radar belt system (intrinsic faults) or from foreign sensors (extrinsic faults) often exhibit
unrealistic Doppler velocities. Considering a safety margin vmargin for objects exceeding
the ODD’s maximum speed, and the ego vehicle velocity veg,, the maximum expected
Doppler velocity vrel, max can be computed:

Urel, max < YODD + Vego T Umargin (5.2)
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Hence, the filter criterion for Doppler velocity depends on the current motion state of
the ego vehicle. Moreover, the measured Doppler velocity can be compared with this
motion state to remove static points. This strategy is useful for eliminating reflection
points from geometries such as walls or fences, which would otherwise be processed
into object hypotheses. The expected Doppler velocity vy, exp foOr a static point at a
measured azimuth angle ¢ can be determined using the azimuth alignment 05 of the
sensor relative to the driving direction and the current sensor velocity, which usually
equals the vehicle velocity vyen:

Urel, exp = Uveh - COS (SD - 0S) (53)

If the difference between the expected Doppler velocity of a static radar point and the
measured Doppler velocity exceeds a tolerance vy, the point is classified as moving.
This tolerance depends on the radar velocity resolution and is usually set to approxi-
mately v = 0.5m/s.

In addition to removing points based on position and velocity, another effective strategy
is to filter out points with low signal power values. The probability that a radar point is
a FP increases if its signal power or reflectivity is low. Depending on the radar sensor,
the measured value for this may be represented in different forms:

e Signal Power: The signal power is the absolute received power P, of the reflected
radar signal. For a reflector with a fixed RCS, the signal power increases as the
reflector moves closer to the radar antennas.

® SNR value: The SNR value is the ratio between the received peak power P, of the
signal and the noise floor V. For a reflector with a fixed RCS, the SNR decreases
with increasing distance until the signal is no longer distinguishable from the
noise floor, at which point the object becomes undetectable.

® RCS value: The RCS value is part of the radar equation (Equation 2.3) and can
be estimated if the other parameters of the radar equation are known. Unlike
signal power and SNR, the RCS normalizes for the distance between object and
the sensor. Consequently, a point with the same RCS yields a weaker SNR when
the distance to the radar sensor increases.

Applying a filter on one of these attributes is also a strategy to reduce FP points.
However, this filtering algorithm also eliminates information about the environment.
Specifically, the removed points may correspond to FN detections, such as points lost
due to clutter, ghost detections, or reflections from objects. A point that is removed
during the filtering process to avoid FNs can prevent an object hypothesis from being
formed. A hazard arises if the removed point belongs to an object of interest.
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Definition 5.2 (Object of Interest)

An object of interest is any element in the environment that the automated parking
function must consider to ensure safe behavior. In general, an object of interest can
be either a static geometry, such as a wall or a fence, or a dynamic object, such as a
human, an animal, or a vehicle. In the parking ODD, collisions between the automated
vehicle and static geometries are equally relevant as collisions between the automated
vehicle and another car. However, a collision of the automated vehicle with a VRU
can result in injury. Consequently, in this work, the objects of interest are limited to
pedestrians, scooter riders and bicyclists.

Another hazard, distinct from the erroneous removal of FP points, occurs if the object of
interest is not represented by a radar point at all. Objects missed in this way are referred
to as hardware-induced FNs.

Definition 5.3 (Hardware-Induced False Negatives)

Hardware-induced FNs are objects without corresponding evidence returned by the
radar sensor. This effect leads to hazards because information about the object’s
presence is entirely absent. The missing evidence originates at the level of the radar
spectrum itself or at the raw signal level. This circumstance must be addressed during
sensor development and cannot be mitigated by improved processing of the points
contained in the raw point cloud.

In this chapter, the focus is on the subsequent enhancement of the filtered point cloud
with critical points. This includes the criticality assessment of each point, the adaptation
of the filtering mechanism in regions where points are expected, and the accumulation
of the filtered point cloud together with the additional critical points. However, the
mitigation of hardware-induced FNs is not part of this thesis.

5.2 Successive Point Cloud Treatment

The identification of critical points in the point cloud requires adapting the drive-tube-
based criticality assessment. Each point p in the radar point cloud P is assigned a
criticality value as an additional attribute. Critical points induce regions with reduced
filtering criteria. In this way, points that would normally be removed by rigid filter
criteria are reintroduced into the point cloud for further processing. The method thus
offers a means of filtering a radar point cloud while retaining points that may be
relevant.
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In Chapter 3, a method to assess the impact of object evidence on the automated parking
task was elaborated. This method can be directly applied to radar point clouds. Each
radar point receives a criticality attribute p.critio1, which consists of the longitudinal
criticality crition, the lateral criticality criti,;, and the velocity criticality critye).

5.2.1 Region Expansion Approach

The idea of the successive point cloud treatment is to utilize information from radar
points relevant to the driving task for subsequent point clouds. As discussed in Chap-
ter 4, additional object evidence is likely to appear in areas close to the position where
the original object evidence was measured. Such evidence must not be removed by
subsequent filtering cascades. It can be preserved by spatially loosening the filter policy
around points that have been evaluated as critical. Section 4.2 has already demonstrated
how information from earlier measurements can be recaptured in radar spectra. Here, a
method is presented for treating successive radar point clouds.

The overall goal is to detect objects that would otherwise be removed by a standard
detection algorithm employing filtering methods. Figure 5.1 illustrates an example of
objects whose radar reflection points differ in terms of signal power. Rigid filtering
leads to different constellations in the radar signatures of the objects. The first object
O exhibits a high density of strongly reflecting radar points, sufficient to induce an
object hypothesis. The second object O, yields fewer radar points, and, moreover, the
signal power is lower. Consequently, the remaining point density after rigid filtering
is insufficient to induce an object hypothesis. The concept of subsequent point cloud
treatment is to recover points with weak signal power, transfer as much information as
possible to the subsequent processing step, and thereby provide the basis for forming
an object hypothesis.

Radar points in the pre-filtered point cloud are assessed for criticality. A radar point
is considered critical if it exceeds a criticality threshold crituresh. Each critical radar
point in the point cloud P, defines a criticality region in the Ny subsequent point
clouds P;11,...,Prin,,- The size and shape of these criticality regions represent the
uncertainties inherent in radar-based object measurements. Determining an object’s
exact position is challenging, since radar reflection points may shift along the object
surface [Ber+17], and azimuth angle measurements are subject to relatively large errors
[BJT21]. Furthermore, if a VRU is in motion, the object may shift between point cloud P-
and the subsequent point cloud P, ;. The region’s position in the next point cloud with
index 7 + 1, given the current position (z,, y-), can be modeled by a two-dimensional
multivariate normal distribution. The unknown variable is the relative motion vector
U = Vrad + Vtang. The radial velocity vy,q can be measured as the Doppler velocity by
the radar sensor and is therefore observable. However, the tangential velocity viang,
which is perpendicular to the radial velocity ¥iang L rad, is unobservable and cannot be
directly measured. The relative motion vector v is a composition of the VRU’s velocity
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Figure 5.1: Comparison of conventional filtering and subsequent point cloud treatment. For object Oz, points
with low received signal power P, are removed by default but can be recaptured through the
proposed subsequent point cloud treatment.

vector vyry and the automated vehicle’s velocity vector vyen. These factors influence
the shape of the multivariate distribution, which is a function of the radial position r
and the tangential position tang. The expected values can be computed using

Hrad = Urad * dt, (54)
Htang = Vtang * dt, (5.5)

which depend on the tangential measurement standard deviation o.ng and the radial
measurement standard deviation o,,4. Given the Pearson correlation coefficient p of r
and fang, the probability density function f(r, tang) can be determined by

1 T — Hrad \2 T — Hrad tang — Htang flmg - ,utang 2
-2 +
2[1 - pQ} Orad ) p( Orad )( Otang ( Otang ) ]

(5.6)

f(r,tang) = exp{ —

Graphically, the multivariate normal distribution can be illustrated by an ellipsoid with
varying probability density inside. Figure 5.2 illustrates a simplified version, where a
point moves toward the radar sensor plane.

This consideration is only valid if the position p; is assumed to be measured without
uncertainties. In practice, positional errors €(p;) must also be taken into account, namely
the radial error ¢(r) and the angular error €(y).
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Figure 5.2: Moving criticality region modeled by a multivariate normal distribution. The critical region of
a point is interpreted as a moving distribution at time step ¢, defined by a multivariate normal
function.

An ellipsoid is therefore applied, characterized by two parameters, e; and e,. Parameter
ey is correlated to the radial standard deviation oy,q, which is subject to the expected
measurement error of the Doppler velocity ¢,,,. Parameter e, is correlated with the
tangential standard deviation g subject to the expected agility of the VRU. It may
reach its maximum value if the VRU moves solely in a tangential direction, without
a radial velocity component v,,q. However, the parameter value is reduced if a radial
component exists.

It holds

Umax = Vtang 1 Vrad; (5.7)
Vtang = Umax — Urad, and (58)
Utang = \/ Viax — Vind- (5.9)

Hence, the size and shape of the regions may vary from one piece of object evidence to
another, depending on the information associated with each observation. The purpose
of the criticality regions is to adapt the filter threshold. One possible strategy is to
remove the filter entirely, another is to reduce the filter values in proportion to the
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criticality and the abundance of object evidence within the region. The first method
ensures that every available point is used in the subsequent object detection pipeline.
The second method conducts a less exhaustive search for points but improves the
robustness of object detection.

In Figure 5.3, the concept of successive point cloud treatment is illustrated. Each point p
in the current radar point cloud P is assessed for criticality with respect to the currently
intended driving tube. Critical points generate regions for each successive point cloud
Pri1,-- -, Prys. These regions are added to a region list and expand with their age.
Regions that reach an age of Vhst are removed from the list. Each region represents an
area where previous observations warrant closer examination for potential objects. The
strategies for threshold reduction are outlined in the next subsection.

Y

L.,

Timet

PT PT+1 P‘r+2 P‘r+3

Criticality Region

Driving Tube

Unfiltered Point

Filtered Point

Critical Point (evokes criticality region)

Figure 5.3: Concept of successive point cloud treatment. Critical points generate criticality regions that expand
over time to represent increasing uncertainty.

5.2.2 Adapted Filtering

The radar filter policies can be relaxed in different ways so that points normally removed
by standard rigid filtering are included in the safety-aware filtering approach. The
safety-aware point cloud consists of the following sets:

e Radar points retained by rigid filtering, i.e., points considered relevant due to their
properties, e.g., high signal power.
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* Radar points currently assessed as critical in this radar measurement.

* Radar points located in a critical region where the filtering is suspended.

The latter two sets are reintroduced into the processing pipeline due to their significance
for avoiding the loss of a critical object. In the case of criticality regions, even radar
points not individually evaluated as critical are retained for further processing, as they
may support the formation of an object hypothesis.

5.2.3 Point Cloud Clustering

The proposed method of criticality-aware filter adaptations for successive point cloud
measurements affects the density of the processed point cloud. The effectiveness of the
proposed approach is evaluated by analyzing the number of additionally generated
cluster centroids. Clustering performance typically depends directly on the density
of the point cloud. A standard DBSCAN algorithm, as described in detail in Subsec-
tion 2.3.4, is employed. A nearest-neighbor search using an e-distance metric is applied
to identify core points and boundary points. Furthermore, a minimum number of
points Npin, pts is required to form a cluster centroid. Both parameters must be adapted
according to the density of the point cloud and the representation of objects within it.
These parameters strongly depend on the applied sensor and the characteristics of the
recorded environment.

The cluster centroids constitute an essential step in forming an object hypothesis in the
downstream tracking task and are, therefore, a suitable metric for evaluation. Neverthe-
less, in downstream processing, information loss may still occur — for example, during
the tracking step.

5.3 Failure Rate Estimation

Deriving and statistically validating low failure rates is a complex task. This section
presents an approach to determine the failure rate for radar perception starting on the
point cloud level in a systematic manner. Subsection 5.3.1 explains how scenarios repre-
senting the ODD can be identified methodically. Radar point clouds from these selected
scenarios are recorded, and each recorded radar point — the smallest possible unit
of object information — is assigned to particular quantification sets (Subsection 5.3.2).
This quantification method forms part of a causal chain that may ultimately result
in an incident, including injury to a person. The chain consists of several links, for
each of which a transition probability can be estimated. These links are discussed in
Subsection 5.3.3.
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5.3.1 Methodical Scenario Search

As outlined in Section 2.4, the failure rate of a perception system must be validated
prior to the release of any automated function that relies on this perception system. This
requires determining all erroneous behaviors that may occur throughout its lifetime and
across the entire fleet of vehicles. The full set of scenarios encountered by the perception
system cannot be exhaustively investigated due to time and resource constraints.

Figure 5.4 shows the coverage of the ODD by recorded scenarios as a function of the
total recording length qualitatively. As can be seen, a relatively large proportion of
the ODD can already be covered using a small dataset. However, a vast number of
rare situations are generally not covered completely within a scenario subset. These
scenarios are more difficult to identify, and both the expected variance and the degree
of deviation from standard scenarios are higher.

Domain Coverage

100 %

AD Dataset

0% — » Recorded Time
0

Figure 5.4: ODD coverage over time during statistical recording.

Therefore, subsets of scenarios are employed during validation to represent the require-
ments placed on the perception system by the automated function. The goal of these
subsets is to cover as many ODD scenarios as possible while minimizing the effort
required for scenario recording.

The main challenge in using a scenario subset is that system behavior in response to
known unknowns and unknown unknowns is neither tested nor predictable. At the
same time, the ODD contains a large number of rare situations that cannot be fully
included in the testing set.

To maximize ODD coverage while keeping the set of testing scenarios manageable, a
methodical scenario search is applied. As [Zha+23b] discusses, methods to identify
critical concrete scenarios include a logical scenario model, an exploration method, and
a criticality assessment. The scenario model determines parameters and combines them
to construct varying scenarios. Exploration treats the scenario search as an optimization
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problem, investigating the ODD and identifying optimized (i.e., critical or failing)
scenarios. Both methods require criticality assessment as an essential element in defining
the quality of the identified scenarios. Furthermore, inductive reasoning is mentioned
[Zha+23b], which can be divided into two types of data sources for identifying critical
scenarios: first, scenarios derived from accident data, and second, scenarios drawn from
broader sources.

Based on these insights, the proposed methodical scenario search rests on multiple
pillars:

* Expert knowledge: The ODD of the automated parking function is specified in
official technical regulations, such as the ISO 23374 standard [Int23]. These reg-
ulations define, for example, the function’s objectives, feature scope, activation
conditions, and potential situations. The ODD derives directly from these defini-
tions and frames the search space for critical scenarios. This search space can often
be curtailed by considering only scenarios that have been identified as critical
by experts [BMM18]. The role of experts is to derive testing scenarios from the
ODD and their own domain knowledge, thereby contributing to the definition of
a minimal set of testing scenarios.

* Accident reports: Numerous works discuss how accident reports can be used to gen-
erate critical scenarios by learning from past failures [Zha+23b; Guo+24]. While
accident reports for automated parking systems are not yet available, it can be
assumed that incidents involving human drivers may represent hazardous situa-
tions within the ODD that also pose challenges for automated systems. However,
the underlying causes differ: humans, who rely mostly on vision [Xie+22], strug-
gle with multi-tasking and with estimating velocities of other traffic participants,
whereas radar systems are constrained by wave propagation effects and partially
by low object reflectivity. As a result, radar perception failures may occur even in
situations that humans can handle with relative ease.

* Real-world datasets: Datasets provide an arbitrary sample of typical situations
occurring within the ODD, which can be used to enrich the scenario database
[Rie+20]. Although these datasets often lack detailed descriptions, they usually
contain odometry and sensor data. Current research investigates how this data
can be structured and expressed in natural language, which facilitates efficient
search and retrieval. A key advantage of such datasets is their relatively bal-
anced representation of objects and locations, which may encompass critical or
challenging scenarios.

The situation sets derived from these three sources are combined to form the SOTIF-
driven minimal testing set. Observing the erroneous behavior of the perception function
within this set enables a systematic estimation of the overall failure rate for the complete
parking function. The following section provides an exemplary analysis of the ODD of
the AVP function according to the three sources presented above.
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Expert Knowledge

As described above, expert knowledge is a generic term that refers to information
about the ODD not necessarily derived from data but from expert conclusions. In this
work, the catalog of technical requirements for the autonomous driving function AVP,
published by the Kraftfahrt-Bundesamt, Federal Motor Transport Authority (KBA),
has been applied [Kra22]. This catalog defines details regarding the state machine for
activating the AVP function, system monitoring, communication pathways, and the
testing process. Alternatively, the ISO 23374 standard lists a scenario proposal for the
performance evaluation of the AVP function [Int23].

The KBA catalog [Kra22] lists all scenarios that the AVP function is expected to handle.
The relevant scenarios primarily concern collision avoidance, where radar sensors may
serve as components of the perception system. All relevant test scenarios are extracted
and aligned with scenarios identified from the other sources.

Accident Reports

As an example of an accident report, a study by the Gesamtverband der Deutschen Ver-
sicherungswirtschaft, German Insurance Association (GDV) was analyzed, focusing on
accidents in parking situations involving pedestrians or bicyclists [Sch+20b]. This study
provides detailed analyses of accident classes, causes, and involved traffic participants.
A drawback of this study is that most documented accidents occurred outside parking
garages. Moreover, it includes dooring accidents and incidents that occurred during
loading or unloading. Since this work focuses on safety-oriented evaluation during
transfer rides and the parking process itself, such accidents are excluded. The study
distinguishes between direct and indirect accidents. Direct accidents involve collisions
between a VRU and a vehicle during the actual parking maneuver. Indirect accidents
involve parking vehicles that are causative factors in the incident. Both accident types
are relevant for this work: the automated function must address challenges arising from
parking vehicles (indirect accidents) during transfer rides to the parking lot as well as
challenges during the maneuver into the parking space (direct accidents).

Real World Datasets

Real world datasets may contain scenarios not identified by the first two methods.
This often occurs when hazardous situations arise from a combination of factors. Such
datasets provide an opportunity to assess the completeness of the test catalog, turning
known unknowns into known knowns. If a dataset is still unstructured, applying a
methodology to evaluate the criticality of situations reduces the manual effort required
to screen the entire dataset. For instance, a method may evaluate situations in which
objects are located inside the driving tube with a low TTC. This approach is conceptually
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similar to the area criticality estimation introduced in Chapter 3. Ideally, the dataset
should contain scenarios consistent with the ODD, and its recorded sensor modalities
should be comparable with the perception system under evaluation. In this work, the
RadarScenes dataset, described in Subsection 5.4.1, is used as an example. This dataset
was also applied to investigate the successive point cloud treatment introduced in
Section 5.2.

Summary of the Testcases

Table 5.1 aligns scenarios from accident reports (GDV) with expert knowledge (KBA)
and adds a generalized type description summarizing each relevant scenario. When
environmental attributes — such as interference from other sensors or weather effects
— are considered in the variation of these scenarios, a high coverage of the AVP func-
tion’s ODD can be achieved. The dataset includes these scenarios and supports the
aforementioned variation of the test cases.

Table 5.1: Condensed, relevant scenarios used to derive perception-system failure rates for the AVP function,
integrating scenarios from multiple sources.

GDVID KBAID Generalized Type Description
D1.1 2.3.2(1.5) VRU in parking lot and vehicle enters parking
lot backwards
D1.2 2.3.2(1.5) VRU in parking lot and vehicle enters parking
lot forwards
D14 2.3.1(1.1) VRU in front of parking lot and vehicle leaves
parking lot forwards
n 234 (1.1/1.2) VRU moving laterally, covered by vehicle
14 234(1.1/1.2) VRU moving laterally at crossing
17 23.1(1.2) VRU in front of parking lot and vehicle leaves
parking lot backwards
110 VRU moving longitudinally, covered by vehi-
cle
2.3.1(1.3/1.4) VRU laterally next to vehicle
233 (1.1) VRU in the driving tube violating the mini-
mum distance requirement
2.32(1.1/1.2) VRU in driving tube, not moving
2.32(1.3/14/1.6/1.7) VRU behind ramp
2.33(2.1) VRU moving longitudinally parallel to vehicle
2.3.4(1.3) VRU approaches vehicle longitudinally

This methodical scenario search approach integrates information from three distinct
sources into a comprehensive scenario catalogue. This strategy is applied to achieve
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the objectives of the SOTIF considerations introduced in Subsection 2.4.2, namely by
reducing the number of unknown scenarios, as illustrated in area 3 of Figure 2.8.

5.3.2 Point Set Quantification

To ensure that the information available from radar sensors about present objects is fully
exploited, any loss of information must be accounted for. Information leaks can emerge
within each stage of the the processing pipeline. Especially if safety-aware methods
are not applied during signal processing, critical points may remain undetected. At
the same time, the information provided by the point cloud is sometimes insufficient
to form an object hypothesis. The objective of the approach described in this section
is to quantify the occurrence of such situations, which may still arise if safety-aware
processing, as proposed in Section 5.2, is applied.

These eventualities are investigated by defining four quantities 4, B, C, and F. Quantity
A comprises all points that received specific treatment because they were assessed as
sufficiently critical by the drive-tube-based criticality evaluation method. Points on
critical objects that could lead to a hazardous situation if not processed belong to
quantity B. Using these two quantities, the numbers of FPs and FNs can be derived.
Here, the terms False Positive and False Negative refer to the point’s criticality assessment
and not to the detection or lacking detection of objects of interest.

A hazardous situation can occur if TP critical points are removed from the point cloud
after safety-aware processing. For this reason, quantity F' is defined, containing all
points that remain after applying the filtering cascade. The points in F serve as the
input for the clustering algorithm.

The most important measure of the approach is how many relevant radar points in B
are processed into a cluster. These clusters form the foundation for the next step in
radar data processing: the generation of object hypotheses. To capture this, quantity C
is defined, containing radar points that have been successfully added to a cluster. This
occurs if the density of radar points reflected by an object of interest is high enough
to enable clustering. For this chapter, the processing chain is considered up to the
formation of radar clusters.

Figure 5.5 visualizes the quantities A4, B, and C.

Each subset of points can be interpreted in terms of its relevance to the safe perception
function:

e AN B: FP — high criticality assessed erroneously, which may degrade the robust-
ness of the perception function.

e AN BN C: FN — criticality of the radar point not identified, but the point was
added to a cluster and thus successfully exploited.
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Figure 5.5: Quantification of critical radar-point processing. The method distinguishes between points as-
sessed as critical (set A), points with a critical impact (set B), and successfully clustered points (set
C).

e AN BNC: FN — criticality of the radar point not identified, and the point density
is too low for clustering. This may lead to a hazardous situation.

e AN BNC: TP — radar point is critical and successfully clustered.

e AN BN C: TP — radar point is critical, but density is insufficient for clustering
despite successful recapture.

Each point in F is not considered for clustering. Thus, investigating quantity F allows
for identifying potentially missed hazardous objects. If a radar point belongs to the set
BN F, it has been erroneously removed from the point cloud, thereby degrading the
safety of the perception function. A FN radar point whose criticality is not correctly
assessed (set A N B) will also fall into this set if it is not located in any criticality regions
and if it is too weak to pass the rigid filters. Nevertheless, an object of interest can
still be detected without this point, provided that enough points in F' remain to form a
cluster.

5.3.3 Failure Rate Derivation

The methods outlined in the preceding subsections contribute to the overall derivation
of the failure rate. For the release of the perception function for SAE Level 4 automated
parking functions, the probability of an incident resulting in personal injury is partic-
ularly relevant. This subsection estimates how likely such an incident is to occur as a
consequence of a removed radar point.
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Figure 5.6 illustrates all links from the use of the automated parking function within the
ODD to the occurrence of an incident. Each link has an associated transition probability,
derived methodically.

Critical Object not .. .
ODD Scenario Detected Collision D

Figure 5.6: [llustration of the causal chain from applying the function inside the ODD to an incident resulting
in personal injury.

The first transition is the scaling from a general function application in the ODD to
specific critical scenarios, as described in Subsection 5.3.1. The second transition de-
scribes the conditions that lead to an object not being detected for at least one cycle,
quantified methodically in Subsection 5.3.2. This transition is the transition discussed in
this thesis.

The third transition considers the case in which a non-detected object causes a collision.
This occurs if an object remains undetected for multiple frames. The relevant observation
time begins at the moment when the object is about to enter the driving tube and ends
when no further action for collision avoidance or mitigation can be taken anymore. The
closer an object, the higher is the probability for an undetected object to cause a collision.
However, the detection of closer objects should be easier at the same time.

The fourth transition derives the probability of an injury in the event of a collision. This
probability corresponds to the severity classes defined in ISO 26262. The classes divide
into four categories: no injuries, light injuries, severe injuries (survival probable), and
fatal injuries (survival improbable). Both the likelihood and severity of injury increase
with higher collision speed.

5.4 Evaluation on RadarScenes Dataset

This section evaluates the potential to reduce FN points through the proposed successive
point cloud treatment method. To enable large-scale conclusions and support further
research in this field, a public dataset is used that is described in Subsection 5.4.1. As
the dataset lacks sufficient critical scenarios for a comprehensive analysis of the method,
a crucial part of the experiment involves modifying the dataset. These modifications
enable the investigations of critical situations in data that otherwise consist primarily of
driving scenes recorded in typical traffic conditions, which naturally contain only a few
critical situations.
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5.4.1 Dataset

For this evaluation, the objective was to obtain a radar point cloud representative of the
state of the art, meaning that the cloud has both high point density and frame rate. For
this reason, the RadarScenes dataset [Sch+21b], recorded in German cities, was selected.
RadarScenes features point cloud data from four radars, which cover the front and parts
of the vehicle’s sides with minor overlaps in their FoVs. The mounting angles of the
sensors in the vehicle coordinate system are [—85°, —25°, 25°, 85°]. Each radar sensor has
a FoV covering an azimuth angle of ¢ = 120° and a range of » = 100 m. The sensor cycle
time is 60 ms. Each point in the point cloud includes attributes such as timestamp, ID of
the sensor recording the point, measured range r, measured azimuth angle 6 (converted
to Cartesian coordinates = and y in both the vehicle and odom coordinate system), Doppler
velocity vy, RCS value, a unique radar point ID, a GT object hypothesis ID, and a class
label.

A key requirement for evaluating the proposed methodology, fulfilled by the RadarScenes
dataset, is the availability of odometry data. For each point cloud, the current position
and orientation of the recording vehicle in the odometry coordinate system (&ven, Yven, ¥),
its current velocity veyr, and its yaw rate w are stored. This enables the generation of
a drive-tube-based on odometry data, which in turn allows for per-point criticality
assessment. In addition, the dataset contains camera data intended for scene overview
by human observers. However, the objects in the images are anonymized, and the
camera is not calibrated. RadarScenes covers a total length of 92.01 km with 4.45h of
recordings split into 158 sequences. Each individual segment of a sequence is called a
scene. As the dataset was designed to provide a balanced representation of typical urban
traffic, it contains a relatively high number of pedestrians and pedestrian groups.

5.4.2 Experimental Setup

This section introduces the required modifications to the dataset as a preparatory step
for the experiments. It then outlines the setup of three experiments, which include
investigation of the criticality estimation and criticality-aware filtering, as well as a
comparison between the proposed criticality metric and an alternative one.

Reachability Analysis

As a first step, the dataset is examined for a sufficient number of critical scenarios.
For this purpose, the number of critically assessed radar points is analyzed using
the criticality assessment outlined in Chapter 3. The results show that critical radar
points in the driving tube occur far too rarely in the unmodified dataset. However,
the shape of the driving tube can be altered to artificially induce critical situations.
Since the recording vehicle does not follow this altered driving tube, the concept cannot
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be applied to analyze multiple frames in sequence. Nevertheless, it produces a large
number of critical scenes.

To generate additional critical points, the per-point labels provided in RadarScenes
are utilized. Many VRUs move along pedestrian walkways adjacent to the recording
vehicle, while the vehicle trajectory is not directed toward them. For each frame, each
point labeled as pedestrian, pedestrian group, or bicyclist is analyzed for its reachability
under the current motion state of the recording vehicle.

Definition 5.4 (Point Reachability)

A radar point is defined as reachable and can potentially be evaluated as a critical
point if a circular arc with radius r and angle o between the recording vehicle and the
radar point can be constructed such that the following conditions hold:

® r > rmin: the radius must be at least equal to the minimum drivable radius,
assumed to be ryi, = 6.0 m.

e The fictitious TTC t1rc must be below 3.0s to consider the point reachable and
sufficiently critical.

¢ The longitudinal acceleration of the vehicle along the arc must not exceed
long, max = 10.0m/ s? and the lateral acceleration must be less than or equal
t0 s, max = 8.0m/s2.

Figure 5.7 illustrates the variables used in this definition.

The radius can be derived from the right-angled triangle:

r? = z3gy + (r — yvru)?, (5.10)
r = TRUE By, (5.11)
2 - yvrU

If the radar point is generally reachable, a critical trajectory toward the point can be
computed. To maximize the number of reachable points, a constant acceleration of at
most along, max toward the point is assumed. Consequently, the velocity increases linearly
from veur to veon While moving along the circular arc. The fictitious TTC can then be
computed with:

ZVR
r

2 -7 - arcsin
ttre = — 1. (5.12)

V0 + Vcoll
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Figure 5.7: Method to determine radar point reachability. Illustration of the reachability of a radar point
located at position (zvry, yvrU)-

In the RadarScenes dataset, two main modes of operation are considered: fictitious
acceleration toward pedestrians crossing the road in front of the recording vehicle, and
steering toward pedestrians on the sidewalk.

Experiment for Criticality Estimation

This experiment utilizes the artificial critical points induced by the method described
above, with the objective of determining whether they are correctly evaluated as critical
when applying the modified area-based criticality assessment method. The challenge
lies in identifying GT critical points and employing a metric that is independent of the
assessment procedure itself. In the experiments, all reachable points are considered
GT critical points. Additionally, each radar point with the same track ID attribute as a
reachable point is also considered critical and should receive a non-zero criticality score.
To ensure comparability, only frames in which the recording vehicle’s velocity does
not exceed Umax, domain = 8.5 m/s are included. Situations in which the vehicle exceeded
this velocity were excluded in the experiment. Due to this approach, no continuous
value for GT criticality is available. Instead, each GT critical point is compared with the
evaluated metric.

* A GT critical point with an assessed criticality greater than zero is counted as a
TP:p € (AN B).

* All points with an assessed criticality p.crit > 0 but not corresponding to GT
critical points are counted as FPs: p € (AN B).
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* Points with an assessed criticality of zero, despite being reachable and labeled as
a VRU reflection, are counted as FNs: p € (AN B).

A scene in a sequence from RadarScenes containing both TP and FP assessments is
depicted in Figure 5.8. Figure 5.8a shows the corresponding camera image, and Fig-
ure 5.8b the radar point cloud with critically assessed points highlighted in orange. The
modified path toward the reachable point corresponding to the VRU is shown as a red
solid line. Since the vehicle is stationary in this scene, no original odometry path is
visible in the plot.
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Figure 5.8: Exemplary radar point reachability. Reachability of a radar point at position (zyru, yvru) for
sequence 63 at timestamp 20727984889861.

Contrary to the safety-aware treatment of the radar spectrum, the actions determined in
this experiment are not dependent on the actual criticality value of a point. Therefore, a
threshold crityresh must be chosen to classify a point as critical. If the threshold is set



5.4 Evaluation on RadarScenes Dataset 113

too low, all noise points within the driving tube may be retained, even if they are only
marginally critical. Conversely, an excessively high threshold may pose a safety hazard
by causing critical points to be erroneously excluded. The resulting sets A, containing
points with p.crit > critmresh, and B, including the reachable TP critical points of VRUs,
are compared across different threshold values to identify the setting of crifuyesh that
best balances the performance metrics.

Experiment for Criticality-Aware Filtering

After evaluating the criticality assessment, the next step investigates the impact of adapt-
ing the filtering process to be safety-aware on the number of correctly processed critical
points. In this experiment, the individual components — driving tube calculation, radar
point criticality assessment, rigid filtering, clustering, and the recapturing mechanism —
are combined into a single framework, illustrated in Figure 5.9.
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Figure 5.9: Framework for safety-aware radar point cloud processing. The proposed framework comprises
elements for conventional perception (blue) and components for recovering points potentially
critical to the perception task (red).

Points that pass the rigid filtering stage are concatenated with points evaluated as criti-
cal and subsequently passed to the clustering algorithm. The artificial critical trajectory
derived from the reachability analysis is used as the trajectory reference. As a baseline,
the experiment first evaluates how many radar points are removed by standard rigid
filtering. Four different RCS thresholds are applied, while filtering by position and
velocity remains unchanged. The tested RCS thresholds are —15.0 dBm?, —10.0 dBm?,
—5.0dBm?, and 0.0dBm?. A standard DBSCAN configuration is applied for the clus-
tering, with an e-distance of € = 1.0 and the minimum number of points for each cluster
minp; = 4. These parameters were determined empirically and correspond well to the
characteristics of a radar point composed of measurements from multiple sensors, in
which at most two sensors overlap in their FoV. For each case, the number of points
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in sets C' and F is computed. This enables a direct comparison between the baseline
and the clustering results obtained with the safety-aware filtering method, that includes
the recapturing mechanism. Besides of the evaluation in the RadarScenes dataset,
this mechanism is also evaluated in an experiment with real-world data, outlined in
Section 6.3.

Experiment for Comparison with Doppler-Based Criticality Metric

The third experiment is designed to compare the proposed criticality metric with an
alternative metric for point-level criticality assessment. Unlike the proposed method,
which is based on the position of points within the driving tube, this alternative relies
on the velocity of points relative to the recording vehicle. The underlying assumption is
that radar points corresponding to non-static objects have a greater impact on potential
policy changes of the underlying automated parking function than points corresponding
to static objects. Accordingly, non-static points should receive a high criticality, while
static points should not be assigned criticality. This reflects the intuition that moving
VRUs are more likely to induce hazardous situations. The purpose of this experiment is
to evaluate the performance of the proposed drive-tube-based criticality metric against a
metric that does not incorporate the ego vehicle’s driving state or its predicted occupied
space at the next time steps, but instead relies solely on relative velocity as a criticality
measure. The results of this experiment validate the proposed approach. Using the
current velocity of the recording vehicle vy, the measured azimuth angle ¢ in the
sensor coordinate system, and the measured Doppler velocity v of the point, the
motion-compensated relative velocity v, comp can be computed as

Urel, comp = Urel — Ucur * COS . (513)

Due to inaccuracies in angle and Doppler velocity measurements, the compensated
velocity vrel, comp Of static objects may fluctuate around zero. To account for this, the
velocity-based criticality value c;itvel ramps up linearly for 0 < vl comp < 1.5m/s. The
criticality value is determined as

0.0 if |vrel, comp| = 0.0m/s,
Crityeg = { Lebeoml 040460 1 /5 < Jorel, comp| < 1.5m /s, (5.14)
1.0 if |vrel, comp| > 1.5m/s.

In this experiment, the module that recaptures radar points based on criticality derived
from the ego vehicle’s driving tube is replaced by a module that recaptures points
according to their velocity. The rigid filtering process remains the same as described in
Subsection 2.5.3, with the additional condition that all radar points with an RCS value
less than or equal to —10.0 dBm? are removed.
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5.4.3 Experimental Results

This section presents the results of the conducted experiments that were described in
the previous section.

Results of Criticality Estimation Experiment

Figure 5.10 shows recall, precision, and F}-score as functions of the criticality threshold
value.
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Figure 5.10: Detection metrics score as a function of the criticality threshold. Illustration of recall, precision,
and Fy-score across varying criticality thresholds.

Recall decreases approximately linearly with increasing criticality threshold, while
precision reaches its maximum at thresholds in the range 0.3 < crifgyresh < 0.5, although
the overall precision remains relatively low. The reasons for this limited precision
are discussed in Section 5.5. Two thresholding strategies can be identified. If high
recall of 95 % or more is required, a low criticality threshold is advisable; in this case,
critpmresh = 0.10 is selected. If both recall and precision are to be balanced, a higher
threshold of critresn = 0.35 is preferable, as this threshold features the optimal F;-score.
Table 5.2 summarizes the differences between the safety-focused and balanced criticality
thresholds.

The safety-focused threshold includes 50.4 % more radar points in set A compared to
the balanced threshold. Consequently, recall is higher, which is particularly relevant
for criticality-oriented processing of subsequent point clouds. For this reason, the
subsequent evaluation of safety-aware point cloud filtering was conducted using the
lower criticality threshold, crityresn = 0.10. Under this configuration, all radar points
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Table 5.2: Comparison of detection metrics for two criticality thresholds. Evaluation of safety-focused and
balanced criticality thresholds critynyesh.

critthresh =0.10 Critthresh =0.35
> Points in set A 4,086,920 2,716,981
Recall 95.02 % 74.81 %
Precision 3.69 % 4.37%
F-score 7.10% 8.26 %

with a criticality greater than this threshold are considered critical points and included
in set A.

Results of the Baseline Filtering Experiment

In this experiment, the effect of applying a rigid filter to set B3, consisting of TP reachable
and critical points, is investigated. A total number of 187,106 radar points are assigned
to set B. Table 5.3 lists the quantities of remaining points > prem and clustered TP radar
points > . BN C after applying standard rigid filters with varying RCS thresholds. These
values are contrasted with the number of incorrectly removed TP points > BN F and
the number of TP points that are not clustered > BN C.

Table 5.3: Detection performance without safety-aware filtering. Baseline experiment showing the perfor-
mance of filtering and clustering with rigid filters only.

RCS Threshold 3" prem Filter Rate Y C > BNC Y.BNnF Y.BNC
0.0dB m? 1,448,442 1.44% 163,018 77 185,203 1,085
—5.0dB m? 2,840,936 2.83% 595,928 783 176,752 8,930
—10.0dB m? 5,160,073 5.14% 1,721,085 13,039 146,314 27,040
—15.0dBm? 9,319,639 9.28% 4,281,094 60,165 98,530 27,651

The filter rate denotes the proportion of points that remain after rigid filtering. While
most points are removed due to positional limits, the number of remaining points
Prem decreases substantially when stronger filters, such as 0.0 dB m?, are applied. With
an increasing number of neighboring points, the number of clustered points in set C'
grows disproportionately, provided that more points remain for clustering. Points in
set B can follow three outcomes: they can be added to a cluster, which is the desired
behavior (B N C), removed by the rigid filter (B N F), or remain as individual radar
points not belonging to any cluster (B N C). Lower RCS thresholds result in higher
numbers of correctly clustered points. Nevertheless, even under less stringent RCS

filtering, a substantial share of TP points is removed by rigid filtering (22}33 gF ): 78.5%
at a threshold of —10.0dBm? and 52.9 % at —15.0dBm?. This finding suggests that
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the filter threshold must either be lowered further — at the expense of introducing
additional FPs — or that complementary strategies, such as recapturing points evaluated
as critical, must be employed. Some points, however, appear to be located in regions of
insufficient density to form clusters and therefore cannot be converted into clusters.

Results of the Criticality-Aware Filtering Experiment

Table 5.4 presents the results of successive point cloud treatment with recapture of
critical points. As before, four different RCS thresholds were applied, and the percentage
improvement over the standard processing pipeline without recapture of critical points
is reported.

Table 5.4: Detection performance with safety-aware filtering. Criticality-aware filtering experiment showing
the performance of filtering and clustering with safety-aware mechanisms applied.

RCS Threshold Filter Rate O S>»>BNC Y.BNF
0.0 dB m? 6.83% 3,961,374 (+2,330%) 142,699 31,392
—5.0dBm? B01%  4337.161 (+628%) 142862 30,929
~10.0dBm? 10.04% 5339202 (4210%) 143,312 30,004
~15.0dBm? 13.66% 7,601,955 (+78%) 144,934 28,383

The results indicate that the safety-aware filtering approach consistently produces a
higher number of clustered points than the standard method, even though the filter
rates are approximately equal. Moreover, the number of correctly treated points remains
largely independent of the RCS threshold, stabilizing at approximately 76 %.

The proportion of TP points in set B that are erroneously removed (= BBF) decreases

significantly when criticality-aware filtering is applied. For the weakest rigid filter (RCS
threshold = —15.0 dB m?), the share is reduced from 52.9 % to 15.2 %. For the strongest
filter (RCS threshold = 0.0 dB m?), 16.8 % of TP points are erroneously removed, com-
pared with 99.4 % in the baseline case. Despite these improvements, further reduction
of erroneously removed points is desirable. The causes of these remaining cases, which
may pose potential safety hazards, are discussed in Section 5.5.

Results of the Comparison with Doppler-Based Criticality Metric

Table 5.5 compares the drive-tube-based recapture method with the velocity-based
method for criticality evaluation.

The velocity-based evaluation method recaptures more than twice as many points as
the drive-tube-based method. Consequently, the filter rate is higher. This approach
also increases the number of FNs (B N C), as more points are identified as critical
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Table 5.5: Comparison of two criticality assessment metrics, comparing the perception performance metrics
between the drive-tube-based criticality metric and the velocity-based criticality metric.

Drive-tube-based = Doppler-velocity-

metric based metric
Filter Rate 10.04 % 14.11%
FP Points (3. AN B) 3,884,178 8,626,278
FN Points (3 AN B) 36,243 42,193
Points in set A (3 A) 4,086,920 9,608,622
Correctly treated points (3~ BN C) 76.60 % 82.04 %
Pointsinset C (3. C) 5,339,292 5,098,049

(3~ A). The share of points incorrectly assessed as critical increases from 19.4 % in the
drive-tube-based metric to 22.5 % in the Doppler-velocity-based metric. The increase in
FPs — points erroneously identified as critical (3 A N B) — is even more pronounced.
The number of FPs is 122 % higher than in the drive-tube-based method, indicating
substantially lower robustness. Interestingly, the total number of clustered points is
nearly the same across both methods. The velocity-based method benefits from the
higher filter rate, resulting in a slightly higher proportion of correctly clustered points
BN C (82.04 % compared to 76.60 %).

5.5 Discussion

Filtering point clouds by removing points that do not meet certain criteria is a common
method for reducing noise and clutter. The previous Chapter 4 highlighted that applying
such filters independently of the perception and driving context may lead to critical
behavior in the automated function. Relevant points may be removed erroneously and
therefore not incorporated by the planner when generating its policy. This chapter
presented a method for introducing safety aspects into radar-based perception at the
point cloud level. The experiments show that the proposed approach significantly
reduces the number of filtered critical points and is even able to keep this number at a
constant, low level, regardless of the general filter limits. Nevertheless, the number of
unprocessed critical points (set B) could still not be reduced to zero. At the same time,
the precision rate remains very low. The reasons for this can be identified in various
aspects.

First, the presented point cloud assessment method operates exclusively at the point
cloud level. It is therefore not capable of distinguishing between radar reflections caused
by clutter or noise, reflections from static objects such as pillars or street lamps, and
reflections from VRUs. According to the definition used in this work, only ignoring the
latter group of objects leads to a safety hazard. Although the representation of a pillar
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and a pedestrian may be similar within a radar point cloud, the intended processing
differs significantly. To address this issue, downstream point cloud processing must
exploit additional information to maintain the number of FPs at an acceptable level. This
can be achieved by associating successive point clouds, fusing radar points with camera
images, and applying neural networks for object detection in point clouds, which are
currently advancing rapidly. However, no classification at the point cloud level was
conducted in this experiment, since such classification inevitably introduces safety risks
if it fails for individual critical radar points. In this experiment, this limitation results in
a significantly reduced precision.

Second, in this chapter, the RadarScenes dataset is modified to induce critical situations
for evaluating the pipeline using reachability analysis. Nevertheless, it remains imper-
fectly suited for a detailed investigation of the underlying mechanisms. One reason is
that the trajectory of the recording vehicle is altered artificially, while time-dependent
methods are difficult to analyze due to the interdependence between the perceived
environment and the vehicle’s motion. The approach used in this experiment classi-
fies radar points as critical as soon as they are reflections of a VRU within the altered
driving tube. However, this approach may omit other critical points and include points
that are not critical due to their current motion. Consequently, the composition of TP
points in set B may not be fully optimal. These considerations highlight the importance
of investigating the proposed approaches, such as successive point cloud processing,
on real-world datasets containing genuine critical situations. Such an experiment is
part of the subsequent Chapter 6. Furthermore, the dataset does not contain labels for
static objects or noise points. While retaining reflections from static objects is desirable,
another relevant objective of the processing pipeline is to remove as many noise points
as possible. This limitation in the dataset prevents a detailed comparison between
removed static-object points and noise points using the proposed algorithm.

The experiments show that processing successive point clouds does not prevent a
significant number of points in set B from being removed by the filter. Consequently,
these points are not included in set /', which is used for clustering. The recall determined
in this experiment does not approach a value of 1. This is because the criticality of
points decreases rapidly once they lie outside the driving tube. During the experiment,
all radar points sharing the same track ID as a reachable point were stored as TP critical
points. However, this approach can lead to cases in which points in set B3 are located
close to the driving tube but are already outside it, particularly for large objects. Another
situation in which points belonging to the same cluster receive a criticality value of zero
occurs when their distance to the recording vehicle is too small to allow for a reaction.
Figure 5.11 illustrates such a scenario: one point of a pedestrian group is identified
as the reachable point. The trajectory, shown as a red solid line, is modified toward
this radar point. Blue circles around neighboring points indicate that the target point,
marked by a red circle, belongs to a larger group of reflection points representing a
pedestrian. Although the target point p receives a high criticality value (p.crit > 0.6),
other points with the same track ID are assigned a criticality value of zero.
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(a) Camera Image (Image is about 1.0 s ahead of point cloud for better visibility of
VRUs) [Sch+21b]
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Figure 5.11: Variation in criticality values among neighboring points. Radar points belonging to the same GT
track ID receive different criticality values due to positional differences.

A key characteristic of the area-based criticality assessment is that the calculated critical-
ity still depends strongly on the spatial position of the point, even though measurement
uncertainties are incorporated. By generating criticality regions, this limitation is par-
tially compensated for by recapturing newly occurring radar points in nearby locations,
while tolerating that they may not be measured at exactly the expected position.

In addition to these aspects, which affect the overall experimental setup and moti-
vate further investigation in a dedicated real-world experiment, another observation
concerns the clustering approach. A qualitative assessment conducted within the ex-
periments revealed that requiring a minimum of four radar points to form a cluster
(minpis = 4) can pose a safety risk. Although measurements from four sensors are fused
into a single point cloud, some VRUs do not generate a sufficient number of reflections
to satisfy this requirement. In particular, under high noise conditions, pedestrians in the
RadarScenes dataset may be represented by only two or three points. This conflicts with
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the objective of maintaining a low number of FP tracks when only a few noise points are
present. One possible mitigation strategy is to allow clusters to form with fewer radar
points, provided that these points exhibit sufficiently high criticality values. However, a
thorough evaluation of this approach requires analysis at the object-hypothesis level.
Since the tracking step is not included in the framework presented in this chapter, this
discussion is deferred to the subsequent Chapter 6.

In summary, this chapter presents a methodology for improving the filtering procedure
in safety-relevant situations by avoiding the unintended omission of critical radar points
during processing. This is achieved by incorporating contextual aspects such as the
planned driving tube and the recapturing of radar points that are potentially relevant for
safe functional behavior. The proposed approach addresses the next part of (RQ2) at the
radar point level by recapturing points that have received a high criticality assessment.
The availability and spatial density of these points at the clustering and tracking stages
play a major role in detecting and classifying the corresponding objects. Consequently,
the proposed method increases the likelihood that critical points are recognized as
objects, thereby promoting higher functional safety.

Furthermore, this chapter presents a method to quantify the FIT rate of radar point-
cloud-based perception. The core idea of this method is to count the radar points that
lead to hazardous behavior within a representative set of scenarios that approximates
the ODD of the function under test as accurately as possible. Section 5.3 describes
a procedure for deriving the FIT rate attributable to the perception sensor based on
points that are erroneously excluded during processing. This procedure accounts for
the consequences of FN object detections within the ODD by evaluating the probability
of a hazardous situation when the investigated perception pipeline is applied. In this
way, (RQ3) is addressed. The method focuses on the impact of the perception function
itself, spanning the processing chain from raw sensor data to the object list, while
excluding effects caused by sensor underperformance or limitations of the downstream
planner. Applying this method to the proposed safety-aware processing algorithms
may demonstrate that these algorithms provide stronger guarantees for safe perception.






6 Processing Adaptations at the Object
Level'2

This chapter provides insights into utilizing the estimated criticality in later stages
of radar data processing, which occur downstream of the radar point cloud. While
Chapter 5 discusses the recovery of radar points through regional awareness during
the filtering process, the evaluated criticality of the radar points can also serve as a
means to generate object hypotheses with criticality awareness. Section 6.1 motivates
the need for investigating these methods and discusses their potential. In Section 6.2,
three approaches are developed, based on the radar data processing pipeline illustrated
in Subsection 2.3.2. The evaluation of these approaches is performed on a dataset that
was explicitly recorded for this purpose. The content of this dataset and the evaluation
methods are outlined in Section 6.3. This section also presents a comparison of the three
approaches with a baseline object detection pipeline that lacks criticality awareness
mechanisms. The chapter concludes with Section 6.4, which reviews the potential of the
proposed algorithms and the established dataset, as well as general opportunities and
drawbacks of modified object detection in the later stages of radar data processing.

6.1 Tracking of Object Hypotheses

For safe radar data processing, it is crucial to preserve object evidence throughout
the initial processing steps. However, the point cloud resulting from DSP and peak
detection via CA-CFAR still contains too many points to incorporate each of them into
the planning process. The automated function reacts to objects in an object list that
represent the dynamic elements of the current scenario, such as VRUs moving close
to the ego vehicle. Before an object hypothesis is evaluated by the planner, the object
evidence such as a set of radar points undergoes clustering and tracking, which serve
as additional filtering steps that merge information from several radar measurement
frames. As Figure 6.1 illustrates, the number of instances decreases from the point level
to the object level, while the computational effort per instance increases. Tracked object
hypotheses include an estimated motion vector and are associated with existing hy-
potheses, possibly continuing the believe. They can also bridge gaps for the hypothesis
in cases where no radar point is observed during single cycles. Consequently, an object
hypothesis may persist in a location even if no radar point has recently been observed,
and a single measurement point does not directly guarantee the creation of an object

12 Chapter builds on [Brii+25b].
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hypothesis. Moreover, it is important to emphasize that conventional tracking algo-
rithms create object hypotheses with uniform sensitivity across the sensor’s perception
field, based solely on probabilistic models, and independently of the relevance of the
observation to the driving task.

Number of Instances

Computational Effort
per Instance

Points Clusters Tracks

Figure 6.1: Schematic comparison of levels in late radar data processing. Comparing of the number of
instances and the computational effort per instance at each level of late radar data processing.

This raises the question of whether object hypotheses should be created even when the
existence probability for an object is low, but the potential consequences of ignoring
it could be severe. In Chapter 3, a methodology is proposed to evaluate the criticality
of radar measurement data at the point level. The information can then be utilized
to modify the downstream processing of radar points to introduce safety-aware be-
havior. In particular, these modifications are applied to the clustering and tracking
algorithms. Adapting the behavior of clustering and tracking fosters the creation of
object hypotheses when points are assessed as critical. Existing literature applies such
criticality evaluations at the object list level [WDE21; Lys+22; CM24], but pays little
attention to the fact that critical objects may not appear on the object list at all if their
hypotheses were removed by the clustering or tracking algorithm. While research on
the algorithmic side has concentrated on advanced methods, such as the application of
deep learning, as described in Subsection 2.5.1, modifications to the core algorithmic
concept itself have not been sufficiently considered.

Object evidence that remains in the radar point cloud can disappear during the cluster-
ing stage due to the high sparsity of reflections on the object or because reflection points
are spread over a large distance. In radar point clouds, such dispersion is often caused
by imprecise angular measurements, which spread the points far enough apart that
algorithms such as DBSCAN cannot group them. At the tracking stage, object evidence
may vanish if the association between the prediction and the new observation fails,
often due to imprecise measurements in one or both steps. In such cases, the weighting
between the motion model and the recent observation may be unbalanced.

A detailed analysis of the mechanisms in modified clustering and tracking algorithms
requires a dataset that contains critical scenarios. Since the complete AVP function is
under consideration, it is important that this dataset should be recorded in the target
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domain of this function, ideally a parking garage with a high density of metal structures.
The literature review in the preceding chapters revealed that such datasets, particularly
those featuring critical scenarios with VRUs, are not yet available. For this reason, a
custom dataset must be systematically recorded to evaluate the methods developed in
this chapter.

6.2 Clustering and Tracking Modifications

This section proposes two modifications that facilitate the creation of objects based on
points assessed as critical. Both modifications rely on per-point criticality evaluation.
Subsection 6.2.1 presents a modification of the DBSCAN algorithm, which allows
clusters to form more readily if the points in the cluster are evaluated as critical. The
second variant, described in Subsection 6.2.2, enables critical points to be directly tracked
as object hypotheses.

6.2.1 Clustering Modification Approach

Radar points are grouped together via clustering algorithms such as DBSCAN to reduce
the sensitivity of the parking function to individual FP points. The DBSCAN algorithm
is explained in detail in Subsection 2.3.4. It is based on a distance metric that identifies
points located close to each other. In the simplest case, this distance metric is Euclidean.
Literature further proposes incorporating Doppler velocity [LLK18], which has the
advantage that points with similar velocity, likely reflections from the same object, are
more easily grouped into a cluster. The differences (Az, Ay, Av,) between two points
P(Zp, Yps Vrel,p) and q(xq, Yq, Vrel,q) are computed by subtracting the individual values.
With these values, the distance metric ¢ is defined as

e(Ax, Ay, Avg) = \/sz + Ay? + Av? (6.1)

rel”

This conventional distance metric still does not incorporate the criticality of the point,
meaning that the conditions for points to form a cluster are identical regardless of
their relevance. The idea is to establish a distance metric that depends on both the
Euclidean distance and the assessed criticality, denoted as deit (Ax, Ay, Avye, crity, crity).
In contrast to other adaptations of DBSCAN aimed at increasing the number of clusters,
such as decreasing the minpys parameter or increasing the e-distance, introducing a
criticality-aware distance metric results in a differentiated clustering behavior. The more
critical two points p and ¢ are, the smaller their effective distance d: becomes. In this
way, two points that are spatially too far apart to form a cluster may be moved closer
together. Consider the situation in which two points are the only reflections from a VRU.
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If one of these points lies beyond the e-distance required by the DBSCAN algorithm,
neither can generate a cluster. Consequently, the VRU remains undetected, and the
planner will not react to it, creating a genuine safety hazard. To mitigate this issue, the
criticality-aware e-metric reduces the effective distance between two points by up to
20 %, using a factor ket as a multiplier ranging between 0.8 and 1.0. This factor can
be parameterized; however, a stronger reduction diminishes the informative value of
the spatial relationship between points. Furthermore, the factor should saturate for
sufficiently large criticality values critmax. The saturation is controlled by the parameter
%:;:"“ For example, if the criticality distance should be reduced by up to 20 %,
which occurs if one of the points p and ¢ has a criticality crit > 0.05, the parameter is set
to a = 4. With this variable, the reduction factor is computed as

a =

ket = 1 — min (a - max (crity, crity), 0.2). (6.2)

The criticality-aware distance is then obtained using the factor kit as

dcrit = kcrit : \/(xp - xq)Q + (yp - yq)2~ (63)
The resulting distance contraction, which depends on the point with the highest critical-

ity value, is illustrated in Figure 6.2.

dcrit
deucl

1.0

k crit, min

2 > max (crit,, crit,)
Ccritmax

Figure 6.2: Distance criticality d.ix shown as dependent on the evaluated criticality of the points to be
clustered.

This procedure can also be interpreted as a spatial distortion that contracts distances
within the ego vehicle’s driving tube, while leaving areas outside of the driving tube
undistorted.
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6.2.2 Minimalistic Tracking

Many critical radar reflection points do not progress to a sufficient stage in radar data
processing to be considered in an object hypothesis, as they are either filtered out or
cannot be matched to a cluster. Therefore, a second approach for criticality-aware
signal processing is to introduce a bypass for critical points. This bypass generates an
object hypothesis directly from single radar points if their criticality exceeds a defined
threshold. All object hypotheses (tracked objects) created in this way are considered
by the planner of the automated function. The bypass procedure ensures that critical
points are directly observed and that the time delay between measurement and the
AVP function’s reaction is eliminated. This prioritized treatment of single critical
points makes it possible to detect many pedestrians, who would otherwise remain
undetected, as they are often represented by only a single radar point at their torso
[VM+24], especially when moving laterally to the radar sensor [BFR12]. However, the
drawback is that most points assessed as critical are in fact FP points. For this reason,
advanced hypothesis handling must be applied. This hypothesis handling manages
the set of hypotheses H = hy, ..., h,, by associating the most recent cluster set with the
hypotheses in this set H.

Definition 6.1 (Associated Object)

An object is associated if the distance between the predicted position of its hypothesis
(&1, 9n) and a cluster generated from the current point cloud (x¢, yc¢) does not exceed
the association distance d  ssoc.

If the ratio between criticality and existence certainty is sufficiently high, a hypothesis is
labeled as confirmed.

Definition 6.2 (Confirmed Object)

An object hypothesis is usually observed over several observation cycles nconfirm before
its presence is confirmed. The tracking algorithm applies a confirmation flag for each
hypothesis. The planner of the automated function considers only confirmed objects
when generating its policy.

The longer an object hypothesis is usually observed, the greater is the certainty in
predicting whether the object is present or absent. On the other hand, longer observation
times also result in delayed reaction times. Each hypothesis is characterized by two
parameters: its age nps in cycles and the number of cycles since the object was last
observed ngpserv- A hypothesis is removed if it is not observed for ngpsery, max cOnsecutive
cycles. For newly initiated tracks, there is the additional requirement that the hypothesis
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must be observed in at least 7init, min OUt Of ninir Measurement cycles. Figure 6.3 illustrates
the conditions under which a hypothesis is confirmed and under which a confirmed
track is continued. In this figure, the parameters are chosen as follows: 7init, min = 2,
Ninit = 3, and Nobserv, max = 4.
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Figure 6.3: Mechanisms of track management in radar object tracking. Illustration of track refusal, track
continuation, and object hypothesis confirmation, showing the number of cycles during which a
radar cluster can be associated with a track.

Typically, a hypothesis must be observed for at least neonfirm > 3 cycles before it is
confirmed and returned as a relevant object. This means the planner can only react
after three cycles. At an update rate of 16 Hz and a maximum domain speed of 8.5m/s
[Int23], the automated vehicle travels a distance of 1.53 m in that time. This distance
can be essential for collision avoidance. However, in most cases, the confirmation
cycles increase the stability of objects and keep the FP rate low enough to employ the
perception system in an automated function. For this reason, minimalistic tracking
should only be applied in situations where a decision must be made quickly, namely,
when the distance between the critical point and the vehicle is small and the object is
either inside the driving tube or about to enter it. Non-critical points, in contrast, should
continue to be subject to longer confirmation times.

6.3 Evaluation on Real World Data

Both approaches, adapted clustering and adapted tracking, are evaluated in a realistic
setup. In the preceding chapters, the methodology was developed and validated
on the datasets ROD2021 [Wan+21a] and RadarScenes [Sch+21b]. However, these
datasets do not fully align with the ODD and the research focus on safety-aware radar
data processing. This thesis contributes to research by evaluating the methodology
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using a custom dataset. The creation and recording of this dataset are outlined in
Subsection 6.3.1. Subsection 6.3.2 presents the evaluation of the two methods described
in Section 6.2. The successive point cloud treatment method, discussed in Section 5.2,
is evaluated again on this dataset. Finally, Subsection 6.3.4 lists the results of the
investigations.

6.3.1 Custom Dataset

To evaluate the methods, a dataset was recorded that fulfills preconditions unmet by ex-
isting publicly available datasets. These preconditions are described in Subsection 2.5.5
in detail. The custom dataset meets the preconditions in the following way:

* Radar data coverage: The radar data of the recorded dataset should be processed
as little as possible. The test vehicle provides radar data in both point cloud and
tracked object form. Since tracked objects in the test vehicle are generated using
a black-box algorithm from the point cloud, they offer no significant additional
value for considerations of the point cloud processing. Therefore, only the radar
point cloud is recorded.

* Location coverage: The dataset was collected entirely in a parking garage with
numerous metal structures, which may lead to higher noise levels compared to
investigations in free space. The parking garage was in a typical occupation state,
with both free and occupied parking lots. Consequently, diffuse reflections could
occur at fences, supports, rails, and other parked vehicles.

* Object coverage: In a parking garage, the presence of VRUs must be expected. The
most endangered VRU types are children and toddlers. Accordingly, tests were
conducted with three different types of pedestrians, which are introduced in detail
below. No tests with bicyclists or scooter riders were performed, as these VRUs
are less typical for the ODD of the AVP function.

* Situation coverage: Based on the methodical approach developed in Subsection 5.3.1,
a scenario with a high injury risk to VRUs was selected. This scenario is described
in detail below. It can be classified as a transfer-drive scenario, since the speeds of
the ego vehicle in these cases are higher than during the actual parking maneuver,
thereby increasing injury risk in case of a collision.

The scenario in the dataset aims to reproduce a worst-case situation with maximum
criticality, in which the standard object detection pipeline may still be prone to failure.
Thus, a modification of scene 33 of the catalogue provided in the ISO 23374 standard
is applied for the investigations. In this scenario, the ego vehicle moves at a constant
velocity veg, along the garage driveway. A pedestrian emerges perpendicularly from
behind a parked vehicle, occluded until the crossing movement, and proceeds across the
driveway. If no braking action occurs, the collision point with the ego vehicle is located
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at the center of the vehicle’s front. Figure 6.4 illustrates a two-dimensional bird’s-eye
view of the scenario.
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Figure 6.4: Overview of the scenario used for the real-world experiment. Bird’s eye view of a parking garage
scenario involving the ego vehicle and a VRU, representing a critical case for the investigation of
adapted point cloud processing and object tracking.

Data from four 77 GHz corner radar sensors are captured: two mounted behind the front
bumper and two mounted behind the side skirts beneath the B-pillar. The approximate
sensor positions are shown in Figure 6.4. Together, they provide consistent coverage
of the ego vehicle’s front, with the exception of a blind spot directly in the front of
the vehicle. This blind spot is not relevant for the selected scenario, since the critical
observation for the radar perception system is whether a VRU enters the ego vehicle’s
driving tube. If this moment is successfully detected, a braking action can be taken and
the collision is prevented. The four radar sensors transmit their data asynchronously.
However, due to the short measurement period, the point clouds from all four sensors
are merged into a single point cloud that is processed every 60ms. The technical
specifications of the radar sensors are summarized in Table 6.1.

To support scene interpretation during the analysis, video data from the front parking
camera is also recorded. In addition, the ego vehicle’s longitudinal velocity v, and
its yaw rate w are captured. This allows the current motion state to be used either as
a substitute for the planning policy or to generate suitable trajectories, on which the
driving tube is based.
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Table 6.1: Overview of the main specifications of the corner radar sensor applied in the experiment.

Band Width b1 = 600 MHz, by = 750 MHz
Measurement Range T1,max = 92.6 m, 72 max = 24.0m
Range Accuracy 0.2m

Azimuthal Fov 150°

Azimuth Angle Accuracy 0.15°

Azimuth Angle Separability 7°

Measurement Cycle 60 ms

All reflection points from the pedestrian target are manually labeled. For this purpose,
reflections captured by the radar sensors are transformed into one common odom coor-
dinate system, compensating for sensor movement during the sequence. The reflections
of the target are then labeled by drawing a bounding box around the trace of radar
reflection points. This procedure ensures that most of the points labeled as TPs corre-
spond to actual reflections from the target. Nevertheless, a small portion of the labeled
points may represent noise (FPs), which is technically difficult to distinguish from true
reflections.

6.3.2 Experimental Setup

The parameters of the test case are varied to investigate their influence. The distance to
the occluding parked car dp, determines whether parts of the VRU are occluded and
at what point the VRU becomes fully visible to the radar sensors. Nevertheless, even
during occlusion, the VRU may remain detectable due to multipath propagation effects.
The VRU'’s velocity vyry affects the available observation time, and the same applies
to the ego vehicle’s velocity vego. Furthermore, the severity of a potential collision and
thus the criticality of radar reflections from the VRU increases at higher ego vehicle
speeds. The discrete parameter values are listed in Table 6.2. For comparison purposes,
the parameter specifications of Scene 33, as defined in the ISO 23374 standard [Int23],
are also listed in this table. The variation of the test case in this experiment closely
aligns with this standard. Three measurement runs are recorded for each parameter
combination.

Three different types of pedestrian types are used. For safety reasons and to ensure
reproducibility, the VRUs are represented by pedestrian targets with articulated legs
that are driven by a belt-based propulsion system. Their reflectance properties are
comparable to those of humans.

1. Adult pedestrian: The first target, representing an adult pedestrian, is expected to
be easiest for the radar perception system to detect. For this VRU type, higher
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Table 6.2: Scenario parameters modified for the experiment.

Symbol Parameter Description ISO 23374 Specifications ~ Parameter Values

dpark Distance to parking lots [0.6 m;2.0m)] [1.0m; 2.0 m]

Vego Velocity of vehicle-under-test  0.5m/s to 8.3m/s [4.0km/h; 8.0km/h;
12.0 km/h]

UVRU Velocity of VRU 5km/h [3.0km/h; 5.0 km/h;
8.0 km/h]

walking velocities of 5.0 km/h and 8.0 km/h are tested.

2. Child pedestrian: The second target type represents a seven-year-old child, with
walking velocities of 3.0km/h and 5.0 km /h.

3. Toddler on toy car: The final target is a two-year-old toddler on a toy car. This case
is particularly challenging, since no Doppler effects from moving legs are present.
Moreover, the probability of a toddler suffering serious injuries in a potential
collision is higher than for the other two targets as it can be overrun by the vehicle
more easily. The assumed velocity for this target is vyry = 3.0 km /h.

To evaluate the effectiveness of both the adaptation in clustering and the adaptation
in tracking, a complete perception pipeline is implemented. By default, this pipeline
consists of a rigid filtering of the captured point cloud, a DBSCAN-based clustering
step, and tracking using a Kalman filter. The basis for criticality-aware processing is
provided by the drive-tube-based criticality evaluation of the measured point cloud.
No automated parking function such as AVP is used in the experiment; instead, the
vehicle is manually controlled by a human driver during the recordings. For this reason,
the ego vehicle’s current motion state is used to approximate the predicted future
trajectory. The motion signals required for this procedure are read from the ego vehicle’s
communication bus.

Each stage of the standard processing is then extended. In the filtering stage, critical
points are reintroduced into the processing chain. The clustering and tracking stages are
modified according to the methods described in Section 6.2. To maximize their effect, all
radar points evaluated as critical bypass the rigid filtering module and are used directly
as inputs to the adapted clustering and tracking algorithms. Figure 6.5 illustrates the
complete framework. The blue boxes on the left represent the stages of the standard
perception pipeline, while the green boxes highlight the safety-aware extensions.

As a measure of reflectivity of an object, the radar sensors in the text vehicle provide
two values: the signal power and the SNR. Contrary to the signal power, the SNR value
adapts to environments at various noise levels. For this reason, the SNR value is used in
the rigid filter. To determine the filtering threshold, the noise situation of the scenario is
analyzed using a test measurement. The objective is to remove as many noise points as
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Figure 6.5: Framework for radar data processing with criticality-aware extensions. Object detection frame-
work used in the experiments, comprising the successive point cloud treatment, clustering modifi-
cation, and minimalistic tracking approach.

possible while retaining most of the TP reflections from the VRU. Figure 6.6 shows the
distribution of SNR values for both noise points and TPs, based on a random sample of
1,000 points within the ego vehicle’s driving tube.

From this analysis, the SNR threshold of the rigid filter is set to 32.0 dB m?. Points with
a lower SNR are removed from the point cloud before further processing, while points
with a higher SNR are passed to the clustering algorithm. In addition, another rigid
filtering criterion applies to Doppler velocity. All points with a relative Doppler velocity
of vy > 14.0 m/s are discarded. This threshold is derived from the assumed maximum
velocity of 10.0m/s for other traffic participants in the parking ODD, combined with the
ego vehicle’s maximum velocity of 12.0km/h ~ 4.0 m/s in this experiment. A spatial
rigid filter is also applied in the vehicle coordinate system, removing points which are
irrelevant for the driving context located beyond a longitudinal distance of |z| > 20.0m
or a lateral distance of |y| > 10.0 m. To enable the detection of objects with very few
reflection points, the minimum cluster size parameter is set to minpy; = 2. This ensures
that if at least the front-right and middle-right radar sensors each detect a single point
of the VRU, a cluster is formed. The neighborhood radius parameter is set to € = 0.70,
which provides a suitable compromise for detecting cars as well as VRUs such as
pedestrians. For vehicle-only detection tasks, a larger value is recommended to reduce
FP clusters.

Since the target motion in this scenario is linear, without turns or accelerations, the CV
motion model is chosen. An extended Kalman filter is unnecessary, as no nonlinearities
are present in this scenario. The estimated state vector for each object hypothesis is
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Figure 6.6: Comparison of the SNR distribution for TP reflections from VRUs and FP noise points, demon-
strating the rationale for rigid filtering.

X = [z,y, Vs, 7y, including its two-dimensional position (z,y) and velocity (v,,v,)
relative to the ego vehicle. The tracking parameters are determined heuristically to
optimize both the initial confirmation and temporal stability of object hypotheses:

¢ The maximum association distance between a hypothesis and a cluster is set to
dassoc = 1.0m, using the Euclidean distance metric.

* The number of cycles to confirm the object is set t0 7init, min = 3, Which corresponds
to a confirmation time of ¢in¢ = 180 ms. The new object must be associated in at
least two out of this three cycles.

* An object hypothesis is removed if it is not observed for nopsery, max = 10 cycles,
corresponding to an observation gap of ¢spsery, max = 600 ms.

6.3.3 Experimental Metrics

The metrics used to evaluate the methods build on those introduced in the preceding
chapters, counting TPs, FPs, and FNs for each of the three processing stages: radar
points, radar clusters, and confirmed radar object hypotheses, hereafter referred to as
tracks. These basic metrics are complemented by two additional aspects: The time of
first detection ¢; indicates the moment when the VRU is detected for the first time. The
object consistency is the percentage of cycles, since the first detection, in which the
object is measured, clustered, or maintained as a track. Finally, it is verified whether
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the entering phase into the driving tube is successfully detected. For this condition to
be satisfied, the set of hypotheses must contain a track for the object at the moment
it enters the ego vehicle’s driving tube. For all three safety-aware approaches, these
metrics are evaluated and compared against the baseline performance of the standard
approach, which does not apply any safety-aware methods. Figure 6.7 illustrates the
evaluation schematically. It shows the y-position of measurement points over time ¢.
The ego vehicle’s driving tube is represented by the blue opaque bar, while the VRU’s
trajectory is indicated by the red opaque bar. The driving tube is laterally bounded
by the vehicle’s outer left position y; and outer right position y,. Green lines mark
measurement cycles where a point can be associated with the VRU, whereas red points
represent measurements that cannot be associated with any object in the scenario and
are therefore classified as noise. The dashed line indicates measurement cycles in which
no points correspond to the VRU. Consequently, these cycles are counted as FINs.
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Figure 6.7: Perception flaws on the point level in the experiment. Measurement points evaluated as TPs, FPs,
and missing points (FNs) on the VRU.

Table 6.3 summarizes the methods compared in this experiment. For clarity, the methods
are itemized below. While method A applies at the radar point level, method B and
method C apply at the cluster and track levels. Both use the filtered point cloud
complemented by all points evaluated as critical, thereby influencing the generation of
clusters and tracks.

The effectiveness of the safety-aware methods depends on the correct identification of
critical points. In the radar-point evaluation, each point is annotated with the infor-
mation indicating whether it corresponds to a reflection from a VRU target. However,
this annotation alone is insufficient to assess the performance of the criticality metric.
Therefore, the recall is used as a simplified measure. Points on the VRU with a criticality
value of crit > 0.0 are counted as TPs, while points which are not assessed critically
(crit = 0) are counted as FNs. To compute the precision metric, all FP points must
be counted. This requires deciding, for each radar point in the dataset, whether it
represents an existing object. Radar points are generated at parked vehicles, beams,
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Table 6.3: List of the perception-related safety-aware modifications evaluated in this experiment.

Item Description

A Creation of spatial regions in subsequent point clouds and suspending the
filtering in these regions, as outlined in Section 5.2.

B Modifying the distance metric for the DBSCAN clustering, as outlined in
Subsection 6.2.1.

C Creating object hypotheses directly from single radar points if they are critical
enough, as outlined in Subsection 6.2.2

pillars, and fences within the garage. This labeling process requires an enhanced setup,
potentially incorporating additional sensor data and substantial manual effort. How-
ever, within the AVP function, FP radar points are relevant only when they generate an
object hypothesis during signal processing. For these reasons, the precision metric at
the radar-point level was not evaluated in this experiment.

6.3.4 Experimental Results

In total, 97 approach sequences toward the VRU were recorded for the dataset. The
majority of 49 sequences were recorded with the child target, while both the adult
and the toddler were used in 24 sequences each. These 24 sequences result from
combinations of two VRU velocities, three ego vehicle velocities, and two distances to
the occluding car. Each combination was recorded twice to allow comparison in case
one measurement deviated significantly from the other.

First, the criticality evaluation is examined, meaning that the criticality metric is assessed
with respect to whether labeled VRU reflections are classified as critical. This serves
as a prerequisite for handling these points correctly during signal processing. The
mean recall of critical points on the VRU across all sequences was firecan = 0.332, with
a standard deviation of oyecann = 0.204. This metric is most meaningful for comparison
with the same experimental setup, since all VRU reflection points are labeled and hence
counted as FNs, although the VRU is not yet critical for the function. Considering that
the pedestrian’s movement lasted approximately 4.5, and the last 1.5 s before entering
the driving tube should be evaluated as critical, this result suggests that the majority of
points are correctly identified as critical.

The precision of the criticality evaluation, however, is comparatively low. The metal
structures in the parking garage produce numerous FP points within the driving tube.
Across the experiments, the mean precision was fiprecision = 0.087, with a standard
deviation of oprecision = 0.077. It should be noted that the recordings contain critical
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situations in a highly condensed form. In practical applications, the precision could
therefore be significantly lower.

Table 6.4 lists the results of method A, which recalls points into the processing pipeline
if they occur in regions where critical points were previously measured. The number
>~ P of points removed by the filtering process is only 1.2% lower in method A
compared to the baseline. This highlights that safety-aware filtering works similar
to rigid filtering in most regions, but recalls truly critical points into the detection
process. As shown, the number of reflection points on the VRU > Prp nearly doubled.
Consequently, the number of reflection points erroneously removed from the point
cloud was reduced by almost half. The proportion of points filtered by the cascade of
rigid filters decreased by 1.2 %, corresponding to approximately 170,000 radar points
being recovered by the successive point cloud treatment across all scenarios. Despite this
recall, the overall filter rate remained high at approximately 78.3 %, meaning that the
majority of points were still removed from the processed point cloud, thereby ensuring
limited computational demand for clustering and tracking.

Table 6.4: Detection performance on the point cloud level when successive point cloud treatment is applied.

> P > Prp S Pen
Baseline 10,607,610 9,217 23,333
Method A 10,438,393 20,195 12,355
A to Baseline —1.2% 120.3 % —471%

While the consecutive clustering and tracking level benefits from the improved set
of radar points, the behavior of the function depends solely on the object hypotheses
(tracked objects) delivered to the automated parking function by the radar perception
system. Hence, the next step is to investigate whether these improvements at the point
cloud level propagated to the cluster and track levels. Table 6.5 summarizes the TP
and FN counts obtained with method A. The increased point cloud density led to a
2.2 % rise in the total number of clusters. The number of clusters associated with the
VRU increased by nearly 50 %, while the number of cycles without a cluster from the
VRU'’s detection points decreased by one third. At the track level, results show that
tracking compensates for missing clusters in some measurement cycles, yielding an
18.3 % increased in tracks. However, this improvement is less pronounced than the
increase in clusters. Importantly, the number of FN tracks, the number of cycles in which
no track was created or maintained for the VRU, decreased by 36.0 %. A drawback of
the successive point cloud treatment is that FP tracks accumulate, since more clusters
are formed and converted into object hypotheses. As a result, the number of tracks not
directly related to the VRU target increased by a factor of approximately 3.5.

Recapturing critical points led to earlier cluster generation in 30.3 % of the sequences,
enabling hypotheses to be established earlier. When this occurred, clusters were gen-
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Table 6.5: Detection performance on the cluster and track levels when applying method A.

>.C >Crp >.Cen 2T YTre > Trp > Trn
Baseline 550,457 1,731 2,339 973,467 2,757 793 1,325
Method A 574,356 2,573 1,524 1,023,350 3,255 2,884 842
Difference 2.2% 49.2% -333% 21% 18.3% 263.7% —36.0%

erated on average 403 ms earlier compared to the baseline method. The success rate,
defined as the presence of a VRU hypothesis at the moment the VRU entered the driving
tube, increased from 82.6 % to 95.7 %. Consequently, an entering phase without a valid
object hypothesis was observed in only one scenario. The reasons for this failure are
analyzed in the following Section 6.4.

A qualitative illustration of how recapturing points improves the point density on the
VRU target is provided in Figure 6.8. The color of the points represents the assessment
provided by the drive-tube-based criticality metric, while red circles indicate the pres-
ence of confirmed object hypotheses. These confirmed object hypotheses are essential
to guarantee safe behavior of the automated parking function in critical situations.
The figure in the upper row shows the camera image at the moment when the VRU
target enters the driving tube. The left and right panels in the lower row compare the
detection and tracking results of the baseline radar object detection pipeline with the
adapted algorithm that recalls points from critical regions. In the baseline, the first
track emerges only after the VRU is already in the driving tube. By contrast, with the
safety-aware approach this moment is shifted earlier in time, allowing the entering
phase to be observed. This capability is essential for ensuring functional safety.

The subsequent analysis evaluates methods B and C. Both approaches operate on the
same point cloud, which includes all points that are not removed by the rigid filter and
all critical points: Y P = (P¢ Prt) N Pait- As a result, the baseline for methods B and
C already contains more clusters than the baseline used for method A, as this baseline
operates on a point cloud which does not contain critical points. Table 6.6 reports the
improvement in the number of clusters.

Table 6.6: Object detection performance of method B on the cluster level.

>.C >.Crp >.Cry
Baseline 592,881 1,762 2,392
Method B 609,781 2,164 2,013
Difference 2.9% 22.8% —15.8%

Again, the number of TP clusters associated with the VRU target increased dispropor-
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Figure 6.8: Example of denser point cloud after applying successive point cloud treatment. Qualitative
visualization showing higher point density and earlier earlier track initiation with safety-aware
mechanisms (right) compared to the baseline without them (left).

tionately compared to the total number of clusters. Another positive effect is that the
number of cycles without a VRU cluster decreased by 15.8 %. Table 6.7 presents the
results of tracking based on the extended set of clusters (method B) and compares them
with method C, which directly generates object hypotheses from critical points.

Methods B and C produce broadly similar outcomes, although method C yields slightly
more track hypotheses. However, in both methods the number of FPs increases substan-
tially, which limits practical applicability due to the proliferation of tracks. Furthermore,
FNs could not be eliminated entirely. The success rates achieved by methods B and
C were 89.6 % and 88.0 %, respectively. Both methods generated clusters earlier in
15.2% of all sequences. On average, the TP clusters associated with the VRU target
were formed 287 ms earlier than with the baseline, and the resulting object hypothesis
appeared 253 ms earlier. While these results show that method B and method C both
have the potential to make late signal processing more safe, all of these values remained
below the success rate and temporal advantage achieved with method A.



140 6 Processing Adaptations at the Object Level

Table 6.7: Object detection performance of methods B and C on the tracking level.

T >.Trp > Trp Y. TrN
Baseline 1,045,662 2,795 888 1,370
Method B 1,084,259 3,086 7,430 1,098
B to Baseline 3.7% 10.4% 736.7 % —-19.9%
Method C 1,102,428 3,087 7,749 1,100
Cto Baseline 5.4% 10.4 % 772.6 % -19.7%

6.4 Discussion

This chapter evaluated safety-aware algorithms using data from actually critical situa-
tions within the target ODD of an automated parking function. The proposed modifi-
cations to clustering and tracking complete the response to (RQ2) for the later stages
of radar data processing. Although information may already be lost at the point level,
objects based on critical points are more likely to be generated by the safety-aware
methods. This reduces the number of missed objects and hazardous situations, thereby
enhancing the safety of the automated function.

The dataset, which was recorded customized for the investigation of perception in
safety-critical scenarios, provides an opportunity to investigate both the identification
of relevant radar points and the evaluation of improved methods for radar point cloud
processing. The evaluation was conducted on one representative scenario in which
the VRU crosses perpendicularly in front of the ego vehicle during a transfer drive
to a parking lot. More complicated scenarios can lead to incorrect conclusions, for
example, when reflection points on the VRU are confused with noise or static points.
The mechanisms for criticality evaluation, clustering, and tracking operate similarly in
other scenarios. Variations of the scenario, such as a turning ego vehicle or VRU, require
the use of different motion models during the tracking stage. These more complex
trackers may discard a hypothesis even though points remain available for processing,
thereby influencing the overall evaluation results. In this experiment, the objective
was to evaluate the integration of criticality-aware approaches while minimizing the
influence of baseline tracking performance. For this reason, both the tracker and the
evaluated scenario were kept simple.

The drive-tube-based criticality assessment method computes a continuous value for
each point’s relevance to the planned driving task. The parameterization of the algo-
rithms in this chapter, which depend on this assessment, was chosen as conservatively
as possible. This means that specific processing was applied even to radar points with
criticality values close to zero. In this way, the maximum potential safety effect of the
adapted processing was exploited. However, the continuity of the criticality metric also
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suggests modifying the processing pipeline at various steps. For example, an object
hypothesis could be created more quickly if the initiating points are assessed as highly
critical, and the hypothesis could be maintained longer. Conversely, hypotheses of
potential objects could be removed more quickly if the points are assessed as barely
critical. These techniques would significantly reduce the number of FP tracks that
trigger braking actions of the automated function. Nonetheless, the precise criticality-
dependent adjustments in object processing must be adapted in consideration of factors
such as the ODD and the acceptable FP rate.

Furthermore, continuous adaptation of processing based on assessed criticality is partic-
ularly meaningful if the accuracy of the criticality metric can be quantified. However,
providing such prove is challenging. The criticality assessment operates on point at-
tributes such as position and Doppler velocity. To compare the criticality value assigned
by the metric with the true criticality value, the latter must be determined indepen-
dently, without relying on the same factors used by the metric itself. One approach is
to have each point evaluated by a functional expert, with evaluation and label rules
defined in detail. Another approach, used in this experiment, was to assign increasing
criticality values to radar points labeled as reflections of the VRU, based on decreasing
TTC. The limitation of this procedure is that the comparison is already closely related
to the methodology of the criticality evaluation itself. Additionally, in this experiment,
most of the FN points — those evaluated as uncritical despite being reflections of the
VRU target in a critical situation — were classified as such due to imprecise angle or
Doppler velocity measurements. Consequently, evaluating the criticality assessment
would reflect sensor performance as much as algorithmic performance. Under ideal
sensor measurements, however, the criticality assessment provides a traceable score of
each point’s criticality.

The results of the experiment showed that recapturing quality decreases at later pro-
cessing stages. The best results were achieved by recapturing information at the point
cloud level by exploiting promising regions in consecutive point clouds. Similar results
from modifying the clustering and tracking algorithms indicate that the maximum in-
formation contained in a single point cloud was already utilized effectively. At the same
time, this observation suggests that point cloud density limited further performance
improvement. Qualitative analyses of individual sequences support this assumption.
Figure 6.9 illustrates all available points of a VRU target in one sequence as it crosses in
front of the ego vehicle.

In this figure, the measurement time of each point is plotted on the x-axis, while the
y-axis shows the position in the vehicle coordinate system. Ideally, the movement of
the pedestrian should form a line-like trace of points. At least two secondary traces
can be identified alongside the main trace, which follows the blue line representing the
VRU'’s true movement. These secondary reflections may be caused by the pedestrian’s
legs. However, beginning at a y-position of y > —2.0m, i.e. at the moment when
the VRU approaches the ego vehicle’s driving tube, reflections of the VRU target are
missing. This absence can be attributed to limited radar sensor performance in the side
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Figure 6.9: Exemplary sequence showing a VRU crossing in front of the ego vehicle. The sensor’s detection
performance while the VRU approaches the driving tube is visibly limited.

lobe. This supports the earlier assumption that safe radar perception requires not only
advanced signal processing but also sensor performance sufficient to detect VRUs even
in high-noise environments.

If the point cloud contains no information about the VRU's presence, further improve-
ments can only be achieved by incorporating historical sensor measurements or even
sensor data from other perception domains. The results of this chapter, as well as
Chapter 4, indicate that methods based on radar images would have outperformed the
radar-point-based approaches. Since image processing requires more time due to the
larger amount of information, a practical compromise must be found for real-world
applications.

In this chapter, it is argued that radar point clouds can be filtered according to the
SNR value, as this attribute is highly significant for determining the existence of a
given point. Points with very low SNR are accordingly removed, while points with
high SNR remain in the point set for further processing. However, when the SNR of
confirmed FP points is examined, numerous points with high SNR values are observed.
All of these points, located in the ego vehicle’s driving tube at close range to the ego
vehicle, are evaluated as critical or very critical. The prioritization of these points,
combined with an unfavorable chaining of FP point positions across consecutive point
clouds, exacerbates the problem. During this process, noise points occasionally appear
close to each other and are associated with the same object hypothesis. The Kalman
filter may then interpret the noise points as a moving object. Consequently, this effect
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leads to a large number of FP tracks. This issue is identified as the primary cause
of the significant increase in the FP rate and the resulting weakness of the precision
metric. A further difficulty in handling critically evaluated FP points is that their origin
cannot be fully identified. If the points arise from multipath propagation, they may be
anticipated based on the surrounding scenario. By contrast, FP points resulting from
statistical effects inside the radar sensor can hardly, if at all, be distinguished from TP
reflections. One way to address this problem is through advanced tracking methods
based on deep learning models, which can achieve high precision in distinguishing
between TPs and FPs by learning typical object-related point representations within
point clouds. By contrast, rule-based algorithms such as the Kalman filter, as applied
in this chapter, struggle to recognize such point constellation patterns. However, deep
learning models make probabilistic and largely opaque decisions. Their performance on
underrepresented point patterns in the training dataset may be limited. The uncertainty
about their ability to handle unknown situations prevents the determination of reliable
safety guarantees.

In the experiment, each radar point in the dataset belonging to the VRU target was
labeled as a TP. The evaluation focused on continuous observation of this target. How-
ever, the methodology labeled every point not belonging to the target as a FP point.
This approach cannot discriminate between spurious reflections and structural elements
of the parking garage, such as pillars or parked vehicles. As a result, these radar points
were processed into clusters and object hypotheses. While this is generally correct
behavior for the Kalman filter, the resulting hypotheses were counted as FP tracks in the
statistics, further inflating the FP rate. Many of these tracks can be eliminated by a ve-
locity filter, which removes tracks with longitudinal velocities similar to that of the ego
vehicle. However, such a strategy would also remove VRUs that are stationary within
the driving tube, making them unavailable to the planner of the automated function.
This approach was therefore classified as hazardous and rejected. Drawing conclusions
about the number of FP tracks requires labeling each point across all recorded point
clouds. For qualitative analysis, however, it is sufficient to compare the number of FP
tracks across different in order to understand the general trend.

A high number of FP object hypotheses correlates with erroneous braking and evasive
maneuvers, which implies low stability of the downstream automated parking function.
This effect has already been shown in Chapter 4, where Figure 4.1 illustrated the trade-
off between high recall and high precision. To quantify this stability, the functional
characteristics of the automated parking function must be defined. The function may
employ different stages of escalation depending on the urgency of taking action, the
situational context, and the confidence in object existence. The experiment demonstrated
that maintaining an observation hypothesis for more than one cycle is necessary to
accumulate sufficient information about a potential object. The point at which the
automated function takes an erroneous action is also the point at which the function
user becomes aware of a malfunction. Consequently, assessing robustness requires
considering both perception and planning. In addition to the acceptance criteria for
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functional safety that can be derived from the corresponding metrics, as described in
Subsection 2.4.1, further criteria must be defined regarding the acceptable robustness
of the complete function. This includes the rate for faulty activations under normal
conditions. For SAE Level 2 and 3 automated functions, excessive FP actions may cause
user dissatisfaction, since the passenger still witnesses such behavior. For SAE Level 4
automated functions, the passenger may have already left the vehicle. Nevertheless, the
malfunction rate must be minimized to avoid deadlocks requiring human intervention
to resume operation of the vehicle. A second consideration is that the vehicle interacts
with other traffic participants, such as manually driven vehicles, and must maintain
smooth general traffic flow.



7 Application in Radar Odometry
Estimation'3

So far, this work has discussed a safety-aware radar data processing pipeline aimed
at reducing object detection errors in an automated parking function. However, the
functionality of radar sensors is not limited to object detection alone. In addition to
this task, radar sensors can perform other functions relevant to automated parking
functions, such as localization and motion estimation. Still, the risk of safety-critical
information being removed during radar data processing remains. The objective of this
chapter is to demonstrate that the concept of critical radar data is not restricted to object
detection tasks, but is equally applicable to other functionalities performed by the radar
sensor. As an example of extending the concept to additional functional domains, this
chapter employs radar-based motion estimation. The importance of motion estimation
for the overall automated parking function motivates a safety-aware adaptation of
the baseline motion estimation algorithm, for which the concepts developed in the
preceding chapters provide a suitable foundation.

Section 7.1 elaborates on the relevance of motion estimation and the potential advantages
of employing radar sensors for this task. It also describes the fundamental mathematical
principles underlying radar motion estimation. Since the notion of unsafe radar data is
less intuitive in the context of motion estimation than in object detection, this section also
establishes the definition of unsafe radar motion estimates. In Section 7.2, the concept of
safety-aware signal processing is transferred to this new task. This includes evaluating
the criticality of the current driving state within traffic and applying methods to refine
the estimation process in order to mitigate critical situations. The introduced approaches
are evaluated using the RadarScenes dataset, which was already introduced in Chapter 5.
The experiment and its results are presented in Section 7.3. Finally, Section 7.4 concludes
the chapter by addressing the final research question and discussing potential limitations
of the proposed approach.

7.1 Motion Estimation for Automated Parking Functions

This section introduces radar-based ego vehicle motion estimation, beginning with
the relevance of this crucial subfunction in Subsection 7.1.1. Further details about the
methodology are provided in Subsection 7.1.2, including the derivation of interrelation-
ships between the measured Doppler velocity and the ego vehicle motion. The section

13 Chapter builds on [Brii+24b; Brii+25a].
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concludes with Subsection 7.1.3, which highlights the necessity of approaching radar
motion estimation from a safety-aware perspective.

7.1.1 Relevance of Motion Estimation

Motion estimation is essential for the operation of an automated function, as the ve-
locity components (v, v,) as well as the yaw rate w are required for precise control.
Furthermore, it complements the ego vehicle’s localization function by operating in
combination with algorithms that periodically localize the ego vehicle on a map. This
map can either be created by a Simultaneous Localization And Mapping (SLAM) algo-
rithm utilizing radar, lidar, or camera data, or through the use of proprietary equipment,
such as visual markers [Kal+21] or beacon solutions [HOM12]. As the localization step
is computationally expensive, it is not performed at a high frequency. Additionally,
localization may return solutions that are slightly fluctuating in their guessed position
over time, which can result in jerky behavior of the ego vehicle during control. For this
reason, the ego vehicle’s position is determined through the fusion of localization esti-
mates and odometry observations in factor graphs [DKP17], propagating the positional
shift from the last localization step. This process smooths the resulting localization and
reduces the susceptibility for erroneous positional estimates.

Conventionally, motion estimation is performed using data from wheel-speed sensors.
These sensors, which count the teeth of a rotating gear rim at each wheel using a Hall
sensor, are reliable options for determining the ego vehicle’s motion [Win+15]. However,
imprecise measurements can result from wheel spin and variations in wheel diameter,
caused by uneven tire pressure or deviations from the assumed tire size. Experiments
show that the average velocity error during a drive with varying speeds is 0.040 m/s for
high-grip asphalt, increasing to 0.077 m/s for low-grip scenarios [TSC06]. The error may
be higher on icy surfaces or during braking, where a wheel slip of up to 21 % is desired
to achieve an optimal braking distance [CAS13]. As motion estimation using radar
sensors is not affected by these factors, it is reasonable to apply radar-based motion
estimation in combination with, or even as a replacement for, wheel-speed-sensor-based
motion estimation. Research in the area of radar ego-motion estimation indicates that a
positional accuracy of 0.75 % after 140 m can be achieved [Kel+14].

Radar motion estimation can be categorized into two approaches that differ significantly
in their operational principles. Both require radar perception data in point cloud format
as input. The first approach is based on point set registration of two point clouds,
recorded consecutively at times t[k] and ¢[k + 1]. These point clouds exhibit high
similarity but are offset by a positional shift. Point set registration, also called scan
matching, seeks a transformation of the point cloud Pk + 1] that minimizes a metric
describing its congruence with the previous point cloud P[k]. One method for point set
registration is the Normal Distributions Transform (NDT), which was first proposed
for lidar scan matching [BS03] and later adapted to radar point clouds. This technique
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models the two-dimensional radar FoV as a grid, with the occupancy of each cell in
this grid represented as a normal distribution. The resulting probability densities of
the two point clouds can then be aligned using Newton’s method by optimizing a loss
function that represents the differences between the first and the second point clouds.
Another method is Iterative Closest Point (ICP) [BM92], which iteratively estimates a
suitable transformation by repeatedly finding the closest corresponding point in the
target set for each point in the source set, computing the transformation, and applying
it. These steps are repeated until a mean-square error cost function for the congruence
falls below a predefined threshold.

A drawback of radar motion estimation via point set registration is that the ego vehicle’s
motion must be inferred from the derivative of the positional shift. Moreover, outliers
and noise radar points can lead to significant errors if no corresponding point for the FP
point is found in the target set, which is a common occurrence in radar point clouds.

In contrast to point set registration methods, motion estimation based on Doppler
measurements of radar points provides an alternative [Kel+13]. This approach leverages
the fact that the Doppler velocity for stationary targets corresponds directly to the ego
vehicle’s motion. The algorithmic details of this method are discussed in the following
subsection.

7.1.2 Doppler-Based Motion Estimation

The Doppler-based motion estimation applies the mathematical relationship between
a stationary target and a sensor that moves relative to this target with the velocity
(vz,s,vy,s), described by

—Ure] = €080 - vy 5 +5ind - vy g, (7.1)

with the measured Doppler velocity of this point vy and its azimuth angle 6 in the
sensor coordinate system. Extended to all NV points in the cloud, the problem can be
formulated by
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This equation is solved by a least-squares estimation method. If this concept is expanded
and data from multiple radar sensors with varying positions are available, the yaw
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rate w can be estimated. The lever length (z¢,s, yc,s) between the center point C' of
the vehicle and the sensor position S is used for estimation. The measurements of two
sensors S1 and S2 with different lever lengths |zc,s1 + yo,s1]| # |zc,s2 + ye,sz2l|
are combined to avoid linear dependency. Then, the relationship between the sensor’s
velocity (vz,s,vy,5) and the ego vehicle’s motion state vector m can be determined
with

Vg,51 —Ye,S1 10
v Tes:y 0 1 W
uSHE = | e va | (7.3)
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Vy,S2 Le,52 0 1 ——
N—— —_———"m
[vs1,vs2]T [S1,S2]T

In a final step, the equation to estimate the motion vector m from the measurement
matrix M containing cosine and sine of the measured azimuth angle and the Doppler
measurement v, can be formulated by left-multiplying Equation 7.3 by M, yielding

w
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As this equation system is usually overdetermined and not solvable, the Moore-Penrose
inverse can be applied to estimate the least-squares solution for 7:

m=(XTX) ' XTy. (7.5)

Figure 7.1 illustrates the method to determine all variables of the motion vector m =
[w, Vg, vy]T.

These steps are discussed in detail in established research [Kel+13; Kel+14]. Radar
motion estimation — as described in this work — uses this concept, but introduces two
improvements of the described method to achieve a more robust estimate:

* Outlier Detection: The standard method [Kel+14] recommends detecting outliers
that are not taken into the estimation process. The Random Sample Consensus
(RANSAC) algorithm [FB81] is recommended for the outlier detection. It itera-
tively finds the consensus supported by the points drawn from a sample. However,
this RANSAC algorithm weights outliers independently of their actual error. In
contrast, the M-Estimator Sample Consensus (MSAC) [TZ00] applied in this work
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Figure 7.1: Ego vehicle with center point C' and two radar sensors with different lever arms, suitable for
determining the motion vector m.

minimizes a cost function which punishes the point’s error ¢ to the consensus
instead of assuming this error to be zero if the point lies within a predefined
threshold.

» Estimation Process: The least squares estimation incorporates only errors in the
Doppler velocity measurement vector y, ignoring those in the azimuth angle
measurement, contained in the matrix X. Research [Kel+14] recommends to apply
the Orthogonal Distance Regression (ODR) algorithm that computes the optimal
solution when both errors, ¢, , and ¢y, are considered. However, this algorithm
underperforms compared to the ordinary least-squares estimation method in
environments with a limited number of radar points. As a consequence, this work
implements automatically switching between both methods depending on the
number of points available for the estimation step.

A multiplexer selects two of the input sensors, each with potentially fresh time stamps
and distinct lever arms. The MSAC algorithm is executed for 17 iterations, as proposed
in the literature [FB81]. The time validity module verifies whether the two measurement
time stamps differ by less than 30 ms and groups measurements from a single capture
that were transmitted in separate data packets. ODR is applied in addition to the least-
squares estimator if the number of raw points is sufficient. An overview of the complete
radar-based ego vehicle motion estimation is presented in Figure 7.2.

7.1.3 Erroneous Motion Estimation

Radar-based motion estimation assumes that most detected points are stationary and
that FP outliers are sparse relative to TP detections. The least-squares estimator de-
termines the motion vector from multiple radar detections in the point cloud and is
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Figure 7.2: Framework for radar-based motion estimation. Evaluation of measurements from at least two
radar sensors, including outlier detection and estimation of the motion vector 72 = [w, vy, vy]T.

therefore less susceptible to noise. However, the previous chapters have shown that
radar sensors may produce erroneous measurements, particularly in noisy environ-
ments such as tunnels or parking garages. In another case, if most of the measured
radar points are not static but instead are reflections from moving objects such as vehi-
cles, the radar-based motion estimation algorithm tends to estimate the motion of the
ego vehicle relative to these objects rather than determining the absolute velocity of
the ego vehicle. The number of erroneous measurements may increase to a level that
complicates or even prevents accurate ego vehicle’s motion estimation. Consequently,
an incorrectly estimated motion vector 12 may lead to unsafe actions by the automated
vehicle, potentially endangering other traffic participants.

One objective of this chapter is to investigate the impact of erroneous motion estimation
on functional safety. In addition, this chapter also aims to propose methods that
prevent motion estimates from leading to critical situations, as such estimates can
induce hazardous behavior in the controller that relies on them. These estimates are
hereafter referred to as critical estimates.

7.2 Safe Radar Motion Estimation

This section addresses the prevention of critical control actions induced by erroneous
radar-based motion estimations, as outlined in Subsection 7.1.3. The core concept is to
examine the impact of each estimate on the overall process within the automated parking
function. Erroneous motion estimates can lead to incorrect position states if used in
short-term ego vehicle position estimation. This chapter focuses on incorrect controller
behavior caused by erroneous measurements in the feedback loop. To investigate
this effect, a simple control process is established, as introduced in Subsection 7.2.1.
Analogous to the preceding chapters, the criticality of the controller output, potentially
leading to high-risk situations, must be evaluated. This evaluation strategy is detailed
in Subsection 7.2.2. As radar-based motion estimation incorporates filtering, the motion
estimation framework is examined for options to reconsider and correct estimates by
re-evaluating previously flagged critical measurements. These corrective options are
presented in Subsection 7.2.3.
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7.2.1 Control Process

In automated functions, trajectory control is typically achieved using Model Predic-
tive Control (MPC). Previous work has presented solutions employing MPC for path-
planning control on highways [Ras+17] and in parking scenarios [GGW17]. The MPC
framework includes a model block that predicts the system output based on past and
current inputs. This enables the prediction of future control errors, which serve as
input to the optimizer block. The optimizer block computes future inputs that op-
timize system behavior with respect to the cost function [CA13]. Since this chapter
introduces a core concept of critical motion estimation and its prevention, a simplified
control strategy is employed, which aims to regulate the longitudinal velocity v, using
a Proportional-Integral (PI) controller. The concept can be extended to more complex
control structures.

A PI controller comprises proportional and integral components. The integral compo-
nent augments the proportional term to eliminate steady-state errors. For the continuous
case, the correcting variable can be determined with the current control error €(¢) by

w(t) = K, - e(t) + K - / e(r)dr. 7.6)

The controller parameters are the proportional gain K, and the integral gain K;. The
control output corresponds to the power applied to the drivetrain, resulting in an
acceleration according to the vehicle model causing a change in velocity v,. The discrete
control loop is illustrated in Figure 7.3.

Proportional

— k] = vl + 1
K, - elk| Vehicle Model >

Integral
ST EEE—

K;
1—z1 elk

rlk] = vgs

Vzrad = Vz +e Radar Motion
Estimation

Figure 7.3: Closed-loop control of the longitudinal velocity v, of the ego vehicle using a PI controller.

The controller parameterization depends on the dynamics of the controlled system, as
represented by the vehicle model in Figure 7.3. The vehicle model used to evaluate the
methodology is described in Section 7.3. As the controller applies a power P to the
vehicle, the output is the acceleration at the subsequent time step a,[k + 1], and the
resulting velocity v, [k + 1] is computed by integrating the acceleration a,.
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7.2.2 Controller Action Evaluation

The controller action evaluation assesses each controller output with respect to the
criticality induced by that action. The evaluation aims to prohibit all unsafe control
actions. In the simplified scenario, an unsafe control action is defined as uncontrolled
acceleration of the ego vehicle. Such control actions may result from various contributing
factors:

* Desired value r[k]: An erroneous planner policy may request a high velocity as the
desired value for the next state Sy of the trajectory, resulting in a large control
error €[k] and, consequently, a high output y[k].

* Controller: Internal controller faults may produce large output values y[k]. For
instance, integrator wind-up can cause a disproportionately large integral compo-
nent.

* Measurement of Output Value v, + e: The control error e[k] is computed as €[k] =
r[k] — (vg + €obs), Where ¢ denotes the observation error. A significant observation
erTor €45 caused by an erroneous measurement leads to a correspondingly high
control error. Assuming that the desired value r[k| and the current velocity v, are
close, the approximation e[k] &~ ¢qps holds.

This work primarily focuses on the third factor, although controller action evaluation is
capable of identifying errors from all the sources listed above.

The HARA conducted for many automated functions classifies uncontrolled acceleration
as a safety risk, which corresponds to an ASIL D classification. This level implies that
uncontrolled acceleration must be prevented with an accepted FIT rate of 10 FIT [Int18].
This suggests that the resulting acceleration a, [k], induced by the controller action u[k],
should be monitored. Conversely, the controller should not be overly restricted, as
excessive limitation could prevent the compensation of large control errors.

The trajectory planner should optimize its policy with respect to a cost function that
minimizes vehicle acceleration and deceleration, prohibiting too high acceleration
values. The reason is that high accelerations are uncomfortable for the passengers
[Int97], though this is not relevant if AVP is activated and no passengers are seated
in the vehicle. Besides, abrupt actions cause increased wear of the material such as
brakes, driveshafts, and tires, and make it more difficult for other traffic participants
to react in good time. Various thresholds for moderate acceleration are reported in
the literature. According to ISO 2631, accelerations greater than a, > 1.25m/s* are
classified as "very uncomfortable” and a, > 2.00m/s? as "extremely" uncomfortable
[Int97]. A study involving sinusoidal longitudinal acceleration to a test group of 23
participants found that participants rated the range 1.23m/s? < a, < 1.89m/s? as
"bad" using verbal classification [Win+23]. Consequently, in this work, the intended
longitudinal acceleration a, of the ego vehicle is considered critically if it exceeds
1.5m/ s2, as a conservative estimate. Additionally, acceleration is considered critical if its
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corresponding jerk j, = d, exceeds 2.5m/s?® in accordance with a study that statistically
quantifies observed jerks in traffic in the range —2.60m/s® < jg.01 < 0.66 m/s%, where
Jo.o1 represents values between the 15t and the 99t percentiles [Fen+17]. Both large
positive and negative (braking) accelerations and jerks are considered critical, although
negative acceleration may have fewer consequences and may be necessary to prevent
collisions.

7.2.3 Motion Estimate Reprocessing

A critical motion estimate does not necessarily have to be discarded. The correct estimate
may still be extracted from the measurements if noise points are identified and excluded
from the estimation process. Each motion estimate is derived from a specific estimation
set.

Definition 7.1 (Estimation Set &)

The estimation set £ is a subset of the measured radar point cloud P, containing only
those points assumed to be static and free of noise.

ECP. (7.7)

Static points support the correct motion hypothesis and enable successful motion
estimation, as long as their angle and Doppler velocity value is measured correctly.

This subsection proposes three methods to scrutinize the measurement and extract
an alternative estimate. Each method addresses a distinct root cause of an erroneous
estimate. The measurement is re-evaluated by selecting an alternative estimation set
galt-

Physics-Based Point Cloud Filter

The physics-based point cloud filter selects from the point cloud Pj, of the current state
Sy, those points that are physically reachable from the previous state Si_1, and includes
them in the estimation set €.
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Definition 7.2 (Physically reachable motion vector 1)

A motion vector 1 [k] is considered physically reachable if the resulting state is attain-
able from the previous state m[k — 1], given the ego vehicle’s dynamic constraints.

All radar measurement points that support a hypothesis of a non-reachable motion
vector i are classified as noise. When estimating the longitudinal velocity v, [k], the
points typically align along a cosine curve similar in shape to that of the previous state
Sy, if their relative velocity vy is plotted over their azimuth angle ¢. The tolerance
region around the current cosine curve is derived from the vehicle’s dynamic con-
straints. In this case, a maximum longitudinal deceleration of a; min = —15.0m/s? is
assumed, corresponding to ideal emergency braking conditions. The maximum lon-
gitudinal acceleration is defined as a; min = 10.0m/s?. Given that the typical Doppler
measurement precision reported by most radar sensor manufacturers is approximately
vrel = 0.2m/s and angular measurement errors must also be considered, a tolerance
band of v, = 0.5m/s is applied symmetrically above and below the expected cosine
curve.

Accordingly, the upper filter bound is calculated with

Vrel, up (0) = c0s(0) - (ve[k — 1] + @z max - At) + Vil (7.8)

and the lower filter bound can be determined by

Vrel, 1ow (8) = cos(0) - (vz[k — 1] + ag,min - At) — Vel (7.9)

Figure 7.4 illustrates the estimation and the expected regions of TP points, bounded by
dashed lines. In this example, the velocity v, [k — 1] in the previous state is assumed to
be 2.0m/s?. Points within this region support the physically reachable motion vector
and are therefore included in the estimation set £. These points are marked in blue in
Figure 7.4. Points outside this region are physically unreachable and are thus classified
as noise, shown in red.

Cluster-Based Point Selection

The core assumption of radar-based motion estimation is that most radar points mea-
sured around the ego vehicle are static and therefore suitable for use in the estimation
process. Typically, those radar points originating from reflections on moving objects
can be removed by the MSAC outlier detection algorithm. However, if the number of
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Figure 7.4: The dashed filter channel removes noise points (red) that do not correspond to physically reachable
motion states. Points supporting reachable motion states are shown in blue.

moving points is no longer negligible compared to the number of stationary points, the
outlier detection process tends to fail consistently, which may result in an erroneous
motion estimate. An exemplary situation is illustrated in Figure 7.5.
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Figure 7.5: Radar-based motion estimation failure caused by a large dynamic object with multiple reflection
points (red), which may not be identified as outliers.

The red points represent a dynamic object with multiple reflection points, moving paral-
lel to the ego vehicle. This dynamic object suggests an alternative velocity hypothesis
vy it Which deviates from the correct estimate v, supported by the blue points.

By grouping points according to the motion estimates they support, distinct hypotheses
for v, can be extracted. This observation forms the base of the cluster-based point
selection method. In the first step, a per-point velocity estimate vy, , is computed for
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each radar point in the current point cloud P, based on its azimuth angle # and Doppler
velocity vrer:

Urel
Vapt cos(0) (7.10)

This leads to a number of velocity estimates, which are then clustered using the DBSCAN
algorithm. The DBSCAN parameters are determined empirically, with the e-distance
set to € = 1.0 and the minimum number of neighbor points set to minp;; = 2. For each
clusteri =1, ..., N¢, the mean velocity v, ; is computed. The two largest clusters, C;
and C,, are selected as potential candidates. The cluster whose mean velocity is closest
to the previous motion estimate £ — 1 is identified by Cpnin = arg min(o, c1, 05,c2). Finally,
the selected cluster Cuin is accepted as the estimation set £.

Adapted Least-Squares Estimation

As described in Subsection 7.1.2, the motion vector 7 is estimated from the set of
measurements using the least-squares method. This method identifies the optimal
minimum under the assumption that all points in the estimation set support the correct
motion hypothesis, that is, they originate from static structures, and errors in the
measurements of Doppler velocity vy and azimuth angle 6 follow the expected error
distribution. However, especially in noisy environments, this assumption may not hold
for all points in the original estimation set. Additionally, the total sum of squared errors
in an alternative least-squares solution 772,y may deviate only marginally from the global
minimum. Nevertheless, the corresponding motion vectors may differ significantly. As
the adapted least squares estimation is applied in two passes, the second-pass solution
can be modified using ridge regression. This method penalizes large magnitudes in the
parameter vector, thereby encouraging solutions within a preferred value range. A
regularization factor A controls the strength of this penalization. The ridge pseudoinverse
is based on the Moore-Penrose inverse, with an added penalty term A - E that forces
lower values in the estimation of the motion vector. Given the measurement matrix X
and the Doppler velocity vector y, the alternative motion vector is computed as

Mar = (XTX +A-E)" ' XTy. (7.11)

To guide the estimate toward the expected direction, the initially estimated motion
vector 1Mnit is compared with the most recent state estimate. If the estimated longitudi-
nal velocity v, is deemed too high, A is assigned a negative sign, thereby promoting a
lower-valued alternative solution 7n,;. Ridge regression is performed using two values
of A: alow value Aoy and a high value Apign. The two resulting estimates are compared
by computing the difference between them:
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dy = Ux,est(A = Alow) - Uﬂc,est(A = Ahigh)- (7.12)

The alternative estimate v, est(A = Aoy ) is accepted if the difference d, falls below a
predefined threshold d thresh- This comparison mechanism is necessary to validate the
alternative solution. For instance, two candidate solutions with similarly low residual
errors compete, and the initially chosen one may be incorrect. In such cases, ridge
regression may successfully select the correct, alternative estimate. In other cases,
multiple low-error solutions may exist, none of which represent the true motion state.
In such scenarios, the returned solution depends on a stochastic process influenced by
the chosen penalty parameter A. As a result, the two estimates may differ significantly,
and the alternative solution is not accepted. Accordingly, the adapted least-squares
estimation can often identify a correct alternative solution, however, it is also possible
for the algorithm to fail due to an unfavorable solution space.

7.3 Evaluation on RadarScenes Dataset

The previous section introduced a safety-aware concept to reconsider radar point clouds,
with the potential for identifying and correcting erroneous radar-based motion estimates.
The effectiveness of this potential is evaluated in the following section. Subsection 7.3.1
describes the dataset used and the methodology for isolating scenarios that are prone to
critical motion estimations. Two experiments are performed: the first investigates the
quality of the controller criticality assessment, and the second compares three methods
for reprocessing the motion estimation. These experiments, including details about
their preconditions and the parameterization of the PI controller, are explained in
Subsection 7.3.2. Finally, Subsection 7.3.3 presents the experimental results.

7.3.1 Dataset

To evaluate the proposed methods, the dataset for the experiment must fulfill several
preconditions. In general, radar-based motion estimation is a robust algorithm that fails
only rarely as long as no interference conditions are present. Radar motion estimation
requires point clouds as input. Ideally, a GT motion measurement should be available
to investigate the radar motion estimates. Although wheel-speed sensors may not
be reliable in few individual cases for the reasons mentioned, they can still serve as
GT motion measurement. Ideally, a system combining measurements from Global
Navigation Satellite Systems (GNSS) and an Inertial Measurement Unit (IMU) is used
to generate GT measures. A sufficient amount of problematic radar measurement
frames were required to evaluate the behavior of the safety-aware methods if standard
motion estimation fails. The RadarScenes dataset [Sch+21b] was promising for fulfilling
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these requirements. Accordingly, the camera images in the dataset were examined for
scenarios that are typically challenging for radars due to a high environmental noise
figure. These sequences included urban drives with many other moving objects, driving
through tunnels, or driving in situations with a high metal density, for example, in
construction sites. The ego vehicle motion, given by wheel-speed sensor data and IMU
data in the dataset, was computed for these promising sequences and compared with the
GT velocity estimation. From this process, the sequences with index [2, 9, 94, 126, 132]
were identified as the evaluation set. All of these sequences feature a total distance
driven of more than 1,000 m per sequence and contain at least 10 measurement frames
in which the standard radar-based motion estimation failed. Figure 7.6 contrasts a
measurement frame with accurate motion estimation against one recorded in a tunnel,
where noise points led to an erroneous motion estimate. In the first scenario, the radar
points align with the shape of a cosine curve, and the parameters can be estimated with
small error rates. In the second, erroneous measurement, only a few points are on or
near this curve. The few TP points can hardly be distinguished from FP noise points.
This situation is relevant for detecting a critical controller action and reprocessing the
estimate.
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(a) Camera image of a frame in sequence 2, time ¢t = 22.1s [Sch+21b].  (b) Radar measurement points of the scenario.
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(c) Camera image of a frame in sequence 2, time ¢ = 107.5s [Sch+21b]. ~ (d) Radar measurement points of this frame. Var-
Radar motion estimation fails due to the challenging operating condi- ious points appear to be noise points that are
tions for the radars in the tunnel. not in the shape of the cosine curve.

Figure 7.6: Comparison between a successful radar motion estimation (first row) and a failed estimation
(second row).
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7.3.2 Experimental Setup

This subsection formulates three hypotheses, each addressed by a corresponding exper-
iment:

1. Rigid filtering reduces the runtime of the radar-based motion estimation and
improves its performance, resulting in lower error rates and smaller standard
deviations of the estimated longitudinal velocity v,.

2. The controller action evaluation can detect controller outputs that may lead to
critical situations, thereby triggering reprocessing of the motion estimation when
necessary.

3. Motion estimation reprocessing can significantly reduce the number of incorrect
estimates.

The controller action evaluation requires a planner output in the form of an intended
velocity, which serves as the input to the controller. However, the RadarScenes dataset
provides only measured radar points and odometry data. Consequently, the current
motion state, as measured by the wheel-speed sensors, is used as input for a potential
trajectory. In this experiment, the task of the controller is to reproduce the vehicle
motion as it occurred during the manual driving recorded in the dataset.

The controller action is estimated based on an ego vehicle dynamics model. Since
this experiment focuses exclusively on the longitudinal velocity v, only longitudinal
dynamics are modeled. The parameters of the model, representing a contemporary
battery-electric sedan in the premium segment, are listed in Table 7.1. This parameter
set is exemplary for the proposed setup but can be adapted to represent other vehicles.
The air density is assumed to be p = 1.204 kg/m?.

Table 7.1: Vehicle model parameters used to derive the vehicle’s dynamic response to controller actions.

Maximum Drivetrain Power P +400 kW
Vehicle mass m 2,295 kg
Drag coefficient ¢, 0.22

Cross sectional area A 2.33 m?
Rolling resistance coefficient C,. 0.015
Acceleration capability a +10.0m/s?

Using this vehicle model as the controlled system, the PI controller is parameterized
with the objective of eliminating the control error €(t) rapidly and compensating for
persistent deviations via the integral term. The controller is tuned using different step
functions. A proportional gain K, = 0.8 and an integral gain K; = 0.0004 are identified
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as suitable. The controller’s behavior for two desired-velocity stimuli, r; (¢) and ra(¢), is
illustrated in Figure 7.7.
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(a) Reaction of the PI controller on stimulus A. (b) Reaction of the PI controller on stimulus B.

Figure 7.7: Response of the PI-controller with parameters K, = 0.8 and K; = 0.0004 on the two demanded
velocity profiles 1 (t) and r2(t).

For motion estimation, radar measurements from the four RadarScenes sensors are
aggregated to form the radar point cloud: left, front left, front right, and right. The
motion estimation is applied to three different point sets, two of which apply rigid
filtering by removing points with a weak RCS from the set:

e —10dBm? / 40: Removes all radar points with RCS < —10dBm? if the total
number of remaining points exceeds 40; otherwise, all available points are used
for estimation.

e —10dBm? / 60: Removes all radar points with RCS < —10dBm? if the total
number of remaining points exceeds 60; otherwise, all available points are used
for estimation.

The third point set includes all points measured by the four radar sensors in this frame.
The objective of this experiment is to determine whether rigid filtering of the point cloud
improves both the performance and the runtime of the motion estimation compared to
the unfiltered point cloud.

To evaluate the criticality of the controller action, the acceleration-based approach
introduced in Subsection 7.2.2 is compared to the deviation between the estimated
velocity vy, est and the GT velocity vy, gt given by the dataset. This difference can be
interpreted as the GT criticality, which reflects the actual criticality of the controller
action. The safety tolerance zone of the AVP function is the allowable distance within
which the vehicle can operate in the presence of an erroneous motion estimation. A
typical safety tolerance distance is d = 0.3 m, which corresponds to the range resolution
of a radar with chirps of a bandwidth B = 500 MHz. As outlined in Chapter 3, the
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reaction time of a braking system is approximately 300 ms. The velocity required to
traverse the safety tolerance zone within this reaction time is approximately 2.0 m/s.
Therefore, any deviation between the radar-estimated longitudinal velocity vy, radar and
the GT velocity vy, 4 exceeding 2.0 m/s is considered a critical motion estimate.

7.3.3 Experimental Results

The results of the three performed experiments conducted to verify the hypotheses
stated in the previous Subsection 7.3.2 are presented below.

Baseline and Rigid Filter Results

To compare the baseline point set with the point set reduced by rigid filtering, several
performance metrics are computed: The Mean Squared Error (MSE) over all motion
estimates NV in the selected sequences

1 N

MSE = N ;(Ux, gt M — Uy, est[i])27 (7.13)

the standard deviation of the measurement error

n

1

Oc = N Z(Ux, est M - MSE)v (7.14)
i=1

the maximum observed motion-estimation error em,x, and the mean computation time
tcomp- These metrics, along with the point reduction achieved by the rigid filters, are
listed in Table 7.2.

The rigid filter removes approximately one-third of the radar points, resulting in a
moderate decrease in runtime when applied. However, the MSE, maximum error, and
standard deviation are all significantly higher compared to the unfiltered point cloud.
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Table 7.2: Results of the experiment testing the first hypothesis. Results examining whether rigid filters
improve the performance of radar-based motion estimation.

Baseline -10dB m?/40 -10dBm?/60
MSE in m? /s? 3.564 8.644 4.029
Standard Deviation o, inm/s 1.815 2.670 1.870
Max. Error emay in m/s 58.711 147.856 71.475
Mean Runtime fcomp in ms 1.925 1.776 1.887
Point Reduction 0.00 % —41.2% —31.6%

Controller Action Evaluation Results

Table 7.3 lists the performance metrics of the controller action evaluation — TPs, FPs, and
FNs — for each sequence of the evaluation set. The table also includes sequence-specific
statistics, namely the traveled distance and sequence duration. TPs are estimates that are
correctly identified as critical by the proposed criticality assessment. FPs are estimates
exhibiting only a small difference between the estimated radar velocity vy, radar and the
GT vehicle velocity vy, gt, yet are incorrectly classified as critical. FNs are estimates with
a substantial deviation between vy ¢t and vy, radar that are not identified as critical by the
criticality assessment.

Table 7.3: Results of the controller action evaluation. Performance metrics of the controller action evaluated
on five challenging RadarScenes sequences.

Sequence Distance in m Time in s TPs FPs FNs
Number

2 1,046 145.2 51 71 0

9 1,543 92.4 36 7 0

94 1,367 167.2 9 29 4
126 2,508 138.9 24 7 0
132 2,267 116.4 47 7 0

Overall, the sequence length does not correlate with the number of critical actions.
With the exception of sequence 94, all critical controller actions are correctly identi-
fied. However, several FPs are observed in each sequence. This is attributable to the
parameterization of the controller criticality evaluation, which prioritizes safety over
minimizing FPs.
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Motion Estimation Reprocessing Results

The same metrics used to compare the motion estimation performance of unfiltered and
filtered point clouds are applied to evaluate three approaches for measurement data
reprocessing: physics-based point cloud filtering (I), cluster-based point selection (II),
and adapted least-squares estimation (III). The results are summarized in Table 7.4, with

the best-performing method for each sequence highlighted in bold.

Table 7.4: Evaluation of motion estimation enhancement methods. Comparison of three enhancement meth-
ods applied to the motion estimation process through iterative revisiting of the estimation.

MSE in m?/s? oc inm/s €max iN M /S
Baseline 3.035 0.053 42.493
I 0.830 0.911 25.249
Seq. 2 I 1.747 1.322 28.852
I 1.579 1.255 44.581
Baseline 4.253 2.062 60.422
I 0.207 0.453 14.438
Seq. 9 II 0.663 0.814 24.505
11 1.631 1.277 59.872
Baseline 1.066 1.033 26.869
I 0.103 0.321 14.439
Seq. 94 I 0.480 0.692 20.561
I 0.033 0.003 7.458
Baseline 2.884 1.696 45.874
I 0.349 0.065 14.142
Seq. 126 I 0.685 0.825 20.163
11 1.036 1.017 35.306
Baseline 4.438 2.105 45.457
I 0.190 0.423 14.212
Seq. 132 I 1.479 1.215 45.457
11 0.255 0.492 18.241

All three reconsideration approaches significantly outperform the baseline motion
estimation, yielding lower MSE values with reduced variance. In all sequences except
sequence 126, method I demonstrates superior performance. The performance of
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methods II and III varies depending on the sequence but is generally comparable and
inferior to method I. Nevertheless, it should be noted that, in each of the five investigated
sequences, at least one estimate with a high error remains after reprocessing. For
corrected motion estimates, the error should not exceed €,,, ~ 1.0m/s. This condition
is still not met in at least one frame of each of the five sequences, indicating that
motion estimation reprocessing does not generally guarantee receiving a correct motion
estimate.

7.4 Discussion

This chapter demonstrated that critical radar data can occur independently of the specific
function for which the data are used in subsequent processing steps. It further argued
that a criticality-aware radar data processing can also be applied to functions beyond
object detection. To support this assumption, the concept of erroneously removed
radar points was extended to the motion estimation task. Furthermore, the impact of
erroneous sensor data processing on the safety of the automated function was evaluated.
The results showed that hazardous effects on the control process can indeed arise when
incorrect data are used in the motion estimation process. This analysis addressed (RQ4).
In the next steps, methods were developed to identify such situations. When safety-
aware selection of the radar points is applied, an alternative motion estimation can be
derived. Experimental results demonstrated that the use of the safety-aware pipeline
significantly reduces the number of safety-critical situations caused by the standard
data filtering process and incorrect motion estimates.

The first hypothesis stated that applying rigid filtering to reduce the number of noise
radar points (FP points) would improve the performance of motion estimation. As
shown in Table 7.2, this assumption was falsified in the experiments. The rigid filters
removed a significant portion of the measured points, leading to poorer motion es-
timation results. The MSE accumulated over the five sequences increased by 143 %
when 40 points were considered sufficient for a successful motion estimation. Even in
the less aggressive filtering configuration, which ensured at least 60 radar points for
estimation, the MSE still increased by 13 %. Similarly, the standard deviation of the error
0. and the maximum error ep,y increased compared to the unfiltered baseline. These
notable performance losses were accompanied by only minor runtime improvements:
the mean runtime decreased by 2 % in the less aggressive filtering setup and by 8 % in
the more aggressive setup. The computational costs of processing more radar points in
the estimation is relatively low, and the filtering operation itself incurs a small overhead
that must be compensated for. While rigid filtering can be beneficial in increasing the ro-
bustness of object detection or localization algorithms, it proved to be non-beneficial for
the motion estimation task as defined here. For this reason, all subsequent experiments
were conducted using the unfiltered point set as the baseline.
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The second experiment defined critical controller actions as those in which the estimated
velocity vy est deviates significantly from the GT velocity vy, g Such critical actions can
place the automated function in an unsafe condition, potentially endangering passen-
gers or other traffic participants. The situations identified as critical by this definition
were compared with those detected by the controller action evaluation, which assesses
the controller’s output. In this way, the recall and precision of the method for assessing
criticality of the motion estimation from the controller output can be derived. The
experiment demonstrated that the controller action evaluation is capable of detecting
most of the relevant situations, resulting in a high recall value. The precision across
all sequences was approximately 0.580, while the parameterization was tuned for high
recall. Consequently, the recall value was found to be 0.977. Most critical estimations
were clearly identifiable as outliers, although some contained only minor errors. The
FNs in sequence 94 corresponded to estimates that were not pronounced enough to trig-
ger a controller response exceeding the acceleration or jerk thresholds. These thresholds
were selected based on the ODD to balance the additional computational effort required
for motion estimation reprocessing with the need for thorough identification of critical
situations. According to the results, the controller action evaluation appears suitable for
identifying those measurement frames with erroneous initial motion estimates, which
are warranted for scrutinization.

Critical controller outputs identified in this way can be reprocessed to correct erroneous
motion estimates. Three reprocessing methods, introduced in Subsection 7.2.3, were
evaluated separately for each sequence. The results show that each method has the
potential to reduce the baseline MSE significantly. The physics-based point cloud filter,
for example, removes points that are inconsistent with the last observed motion state.
This strategy would only lead to incorrect estimates if the cosine shape of the motion
estimate were to change significantly between two measurement frames, even when
all points fit the new cosine shape. However, such abrupt changes in the cosine shape
are not physically plausible. Thus, the method remains safe to apply. This finding
supports the observation that TP points exhibit temporal consistency in their spatial
distribution, whereas most noise points occur randomly without any discernible pattern.
This property can be effectively exploited by the physics-based filtering method.

The second method appeared to be the least effective. It clusters points that support a
similar velocity v, and performs the estimation on the majority of points supporting the
same velocity hypothesis. This approach is especially suitable for scenarios involving
strong radar moving reflectors. In such cases, the assumption that most measured
points are static is no longer valid. However, this algorithm fails if most points are FPs,
as this results in clusters forming at random locations. Additionally, the method does
not yet prioritize points at perpendicular angles to the sensor. Such points provide
more accurate estimates than those with small or no relative velocity components.
Figure 7.8 illustrates the mean deviation of the estimated velocity vy est per point from
the GT velocity vy, . If enough points are available, points with perpendicular angles
0 ~ 0° U@ =~ 180° could be assigned a higher weight during clustering.
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Figure 7.8: Average motion estimation error over radar point azimuth angle. Average estimation error per
radar point plotted against the azimuth angle between the point and the sensor vertical.

The number of points in a cluster indicates how suitable the entire point set is for motion
estimation. As the example in Figure 7.6 showed, the ratio of TPs to FPs can reach
such a disadvantageous level that safe and correct estimation cannot be guaranteed.
Such limitations in measurement quality must be avoided at all costs, for example, by
implementing strategies to mitigate intensive interference effects.

In contrast to the first two methods, which select individual, potentially TP points to
form a subset for re-estimation, the third method operates on the complete subset. This
forces the estimate toward the assumed velocity value, which should be close to the
previous velocity value v, [k — 1]. If the data quality is sufficiently high, meaning that
the least-squares estimation produced an incorrect result only due to an unfavorable
configuration of matrices X and y in the first estimate, this method may yield high
quality results. On the other hand, it is ineffective in cases of a high FP rate and does
not improve the estimation here.

If reprocessing the estimation fails several times consecutively and the controller action
remains critical, a replacement value should be chosen. In this case, the wheel-speed
sensor value or the last estimate can serve to bridge the time until the next measurement.
While analyses showed that false estimations increasingly occurred in challenging
environments such as tunnels, acceptable measurement cycles were still available for
correct motion estimation even in these situations.
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This work on safe radar motion estimation was evaluated only for the longitudinal
velocity v,, although the motion estimation method is capable of providing a complete
motion vector m = [v,,v,,w]T using radar sensors. This vector fully describes the ego
vehicle’s motion in two-dimensional space. The concept of criticality estimation is then
transferred from unsafe longitudinal acceleration actions to unsafe steering actions,
while the architecture of the safe motion estimation remains as proposed here.

In an advanced implementation, the evaluation of controller actions may be enriched
by incorporating objects detected by the perception system as additional inputs. This
enhancement enables a more accurate categorization of criticality within the situational
context. Extreme control outputs may be reasonable in cases of threatening collisions.
Conversely, tolerance for control actions may be increased if sufficient space is available,
meaning that an action exceeding the standard threshold may still not be critical.

Similarly to the motion estimation function, safe radar data processing could be applied
to other tasks such as localization, as discussed in Subsection 7.1.1, or to free space
estimation with minor adaptations. Furthermore, criticality estimation by evaluating
controller actions enables sensor fusion with, for example, accelerometers, to validate
the estimator’s behavior.






8 Conclusion and Outlook

This work presents and discusses a method to introduce a safety-aware component
into radar data processing for automated parking functions. Safety-awareness refers
to the prevention of incidents, particularly collisions that result in injuries to traffic
participants. Compared to incidents of the automated function that cause dissatisfaction,
a diminished sense of safety, or even material damage, such as erroneous emergency
braking or collisions with static objects, the protection of life has the highest priority in
every action. Hence, standards such as ISO 26262 require compliance with defined FIT
rates for each incident that puts human life at risk. In the ODD of automated parking,
this is potentially the case during collisions between the ego vehicle, which is currently
controlled by the automated function, and a VRU.

In addition to high sensor performance, which enables the detection of VRUs, the FIT
rates can only be reached if information delivered by the sensor is guaranteed to pass the
signal processing pipeline. At the same time, the enormous amount of data delivered
by each radar sensor needs to be condensed to a scene representation which can be
used by the automated function. The key concept presented in this work is to adapt the
processing of information depending on its relevance to the prevention of hazardous
situations. Accordingly, this method builds on the current intention of the planner
of the parking function, but can also be adapted to manual driving by predicting the
most probable vehicle states in the immediate future. The maximum time horizon for
this criticality evaluation is the time that is required to set all traffic participants in a
safe — i.e. static — motion state while avoiding potential collisions. The criticality
estimation which is applied on each sensor information, e.g., a radar point, identifies
information whose processing is especially important. Hence, (RQ1) was solved with
this method and served as a foundation for the safety-aware radar data processing that
was investigated in the following.

The answer for (RQ2) had multiple layers: Action must be taken differently depending
on the stages in the processing pipeline. This work contributed methodologies to
evaluate information in different radar processing stages and to modify the processing
in these stages. In general, the following three stages were considered in detail:

1. RF images are one of the earliest stages in radar data processing and contain the
signal power for each cell in the measurement range. The planner’s intention
can already be linked to the relevance of individual RF cells. As this stage’s
product is a radar point cloud, the main objective is to generate points from cells
with a sufficiently high signal power representing a VRU. This work proposed a
criticality-aware thresholding method, which facilitates the generation of points
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in the neighborhood of cells where high signal values were observed in the past.
By scanning the last RF images, a voting system is able to confirm even weak
detections.

2. Radar Point Clouds are an environment representation that is condensed compared
to RF images. As research in point cloud processing recently proceeded, these
point clouds are a popular basis for further processing or fusion with other sensor
modalities. However, radar point clouds appear noisy and suffer from a low
density. A common strategy, filtering the point cloud and accumulating points
from multiple radar measurements, can be a risk for safe radar data processing
since information may be lost. By region-based recapturing of the filtered points,
this work presented an approach to apply point cloud filtering while maintaining
all potentially relevant points.

3. Object Hypotheses are the final level of radar data processing. An object list is used
by the automated function to plan the path, additionally, it offers the opportunity
to adapt the trajectory in the short term. Even if the information about the existence
of a VRU interfering with the planner’s intention reach the radar point stage, it
may still be discarded due to a lack of radar points during the clustering and
tracking process. Both were points of action for the methods introduced in this
work. The generation of both clusters and object hypotheses may be fostered in
critical situations by lowering the thresholds for such late-stage object evidence.

The criticality information can be used to adapt each of these steps to foster the mea-
surement data transfer through the processing pipeline if this data is evaluated as
sufficiently critical. By this means, the information can contribute to generate an object
hypothesis and prevent that critical objects are not considered due to an information
loss in the pipeline of radar data processing. The effect of the modified methods can be
evaluated methodically using the failure rate estimation proposed in this thesis, that
answers (RQ3). Each chapter’s methods were evaluated by experiments performed on
the respective radar data modality. In Chapter 6, this evaluation required the recording
of a custom dataset due to the unavailability of existing ones.

Finally, the concept was transferred from the object detection task to the motion esti-
mation task to show its versatility. Answering (RQ4) confirmed the relevance of this
investigation and it can be supposed that each task based on radar sensor data with a
relevance for the planner can cause hazardous behavior. In case of motion estimation,
the objective was to prevent erroneous estimates that could compromise the safety of
the downstream control task. Owing to differences in the underlying processing task,
the proposed motion criticality assessment differs from the criticality assessment used
for the detection use case, as described in Chapter 3. Nevertheless, the proposed meth-
ods successfully identify erroneous measurements and provide the option to correct
incorrect estimates to a certain extend.

All experiments with the proposed methods showed that most of the data identified
as critical consist of FP information, which is undesirable in the object list as an end



171

product of the radar data processing pipeline. A crucial finding was that the information
provided by individual or few radar points is not sufficient to decide between an existing
object (TP) or radar noise (FP). This leaves one major problem, the balance between
precision and recall, not completely resolved. However, the methods in this work
allow for different balances of both metrics, depending on the specific requirements of
each information domain. While the precision at less relevant areas far from the ego
vehicle can be increased since a lower recall is acceptable, the processing can be adapted
to ensure the required high recall in critical areas. The work proved that integrating
the relevance of radar measurements on the planned task demonstrably significantly
decreases the likelihood that information is filtered erroneously.

Outlook

Radar data processing is moving toward the application of deep learning algorithms,
which increasingly feature black-box characteristics. For the success of highly auto-
mated parking and driving functions, including these algorithms is becoming inevitable.
It is a future challenge to make these algorithms explainable to provide safety guaran-
tees. The approaches presented in this work, connecting the planner’s intention with
object detection, need to be combined with these new learning-based algorithms. One
alternative that is already discussed in the research community is the application of
end-to-end learning, which places higher demands on explainability than combined
or hybrid algorithms. This work also proved that the performance of radar sensors is
still not sufficient to serve as a singular solution for a SAE Level 4 function. The general
measurement concept of radar sensors requires the combination and fusion with other
sensor principles such as camera sensors. One approach demonstrated in this work
is the use of region proposals, where findings from camera images serve as proposals
to identify weak, but critical object evidence in the radar data. The different measure-
ment principles provide additional safety for object detection since the measurement
modalities may complement each other.






A Appendices to Chapter 2

A.1 Functional Principle of FMCW Radar Sensors

This section provides a brief overview of the transmission patterns of FMCW radar
sensors. These sensors modulate their transmit frequency to obtain the distance d and
the relative velocity vy of reflections by applying two consecutive Discrete Fourier
Transforms (DFT)s. The frequency-modulated transmit pattern is referred to as a chirp,
analogous to a sound signal. The difference between the start frequency f, and the
highest transmit frequency is denoted by A f. Within each chirp, the transmit frequency
increases linearly over a bandwidth of B =2- Af during the transmission time tg. The
corresponding frequency slope is given by S = . To distinguish between static and
dynamic targets, the radar transmits both up-chirps with a positive frequency slope, and
down-chirps, with a negative frequency slope, within a single measurement cycle. This
enables the computation of the beat frequency f3, obtained by mixing the transmitted
and received signals. The beat frequency is then extracted via a DFT. The up-chirp beat
frequency fp + and the down-chirp beat frequency f;, _ are calculated using

fb,+ = f+,transm - f+,reC7 (Al)
fb,f = f*,rec - ff,transm- (AZ)

The range R between the antenna and the reflector, as well as the Doppler shift fpopp,
from which the relative velocity v, can be derived, can then be computed [Jan18]:

c-ts (fo+ = Jo,-)
4-B 2

R e (A4)

R =

(A.3)

The chirp pattern, including the transmitted and received signals and the resulting beat
frequencies, is illustrated in Figure A.1.

In the single-chirp case, the computed range R and Doppler Velocity Ure] become am-
biguous, since a single chirp provides only a linear relationship 7 = const. between
the two parameters. This ambiguity can be resolved by determining the intersection
of the relationships obtained from an up-chirp and a down-chirp, a method known
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Figure A.1: Chirp Patterns in FMCW and the corresponding beat frequencies for up-chirps and down-chirps,
adapted from [Jan18].

as pairing [Gam20]. However, with recent advances in radar technology and faster
electronic components, the fast-chirp ramp sequence has become the current standard
approach. While fundamental principles for deriving range and Doppler velocity re-
main unchanged, multiple frequency ramps are transmitted in rapid succession. This
enables the use of a two dimensional DFT (2-DFT), which simultaneously yields sam-
ples for both range R and Doppler velocity v,. Finally, the azimuth angle can be
estimated when a multi-antenna configuration is employed. The transmitting and
receiving antennas are arranged on the sensor surface with a spacing of A/2 (half the
wavelength). This spatial configuration introduces phase shifts in the received signals
depending on the angle of arrival. By processing the signals from multiple antennas
using high-resolution direction-of-arrival estimation techniques, such as Multiple Signal
Classification (MUSIC), the azimuth angle can be accurately estimated.

A.2 Exemplary STPA for the AVP Function

The goal to this appendix is to identify scenarios that may cause a hazard potentially
resulting in a loss during the operation of the AVP function. The tool used for this
analysis is the STPA, which is divided into four steps:
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1. All potential hazards associated with the use of the AVP function, as specified in
[Int23], are identified. Moreover, potential losses corresponding to each hazard
are listed. According to STPA, losses can include injury, but also material damage,
or loss of public trust. In this work, the investigation of a hazard proceeds only if
the suspected loss involves injury or loss of life. The identified hazards and losses
are presented in Table A.1.

2. The control structure is modeled. This step is omitted in this work, as the re-
quired control input to avoid the identified hazards can be simplified to a braking
command.

3. Each behavior within an operational situation in the ODD that can lead to a hazard
is referred to as an unsafe control action. The possible unsafe control actions are
identified.

4. Causal scenarios are derived from these unsafe control actions. These scenarios
should be addressed in the test cases for the AVP function. A causal scenario can
consist of one or multiple causal factors leading to the hazardous condition.

In this thesis, the analysis is restricted to unsafe control actions within the perception
component of the AVP function. Furthermore, only unsafe control actions leading to
hazards classified as relevant are considered. One of these hazards, malfunction in self-
diagnosis, covers incorrect observation of sensor impairments, such as sensor blindness
or interference. These additional aspects are not covered in this thesis. The remaining
two hazards are directly associated with erroneous performance of the perception
function, as they involve potential collisions with VRUs due to missed detections. For
this analysis, the perception function is considered to comprise three components: peak
detection, clustering, and tracking. Four types of hazards may arise at each stage: failure
to provide information, provision of incorrect information, provision of information at
the wrong time, and premature termination or excessive continuation of information
provision [Gl624]. Unsafe control actions that can affect perception-related hazards and
their causal factors are summarized in Table A.2. Each of these unsafe control actions
can cause hazards such as collisions or insufficient distance from a VRU, thereby posing
risks of injury or loss of life. The causal chain defined in the STPA is illustrated in
Figure A.2.

Causal Factor —> Unsafe Control > Hazard > Loss
Action

Figure A.2: Causal chain in the STPA, illustrating how causal factors lead to hazards.



Table A.1: The first step of STPA: identification of hazards and potential losses resulting from these hazards.

Hazard Description Relevant for Loss of life
perception suspected

Exceeding speed Maximum allowed speed within ODD is exceeded. X
Min. distance non-VRUs Minimum distance to non-VRUs is undercut. X
Min. distance VRUs Minimum distance to VRUs is undercut. X X
Traffic rules Traffic rules of the ODD are disregarded. X
Unintended Movement Vehicle moves unintendedly although in a parked state. X
VRU detection VRUs within ODD are not detected. X X
Obstacle detection Appearing obstacles within ODD are not detected. X
Personnel instructions Vehicle does not react on instructions sent by the infrastructure backend

or teleoperators
Obstructive parking Vehicle parks in a way endangering other visitors. X
Malfunction in self-diagnosis ~ Vehicle fails in detecting a malfunction which affects the function criti- X X

cally
Malfunction in emergency Vehicle fails in handling an emergency operation correctly. X
situation
Leave of ODD Vehicle leaves ODD. X
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Table A.2: The third and fourth steps of STPA: identification of unsafe control actions and causal factors for

the relevant hazards. For each unsafe control action, it is evaluated whether controllability can be
achieved by adapting the processing method.

Unsafe control action Causal Factors Controllable

Information not provided in Highnoise level, low object reflectivity, weak  (X)

radar spectrum sensor performance

Information in radar spectrum High noise level, interfering signals X)

provided incorrectly

Information in radar spectrum Raw signal processing too slow

provided at the wrong time

Information in radar spectrum High noise level, low object reflectivity, weak  (X)

provided too short/long sensor performance

Information not provided in Point density too low, clustering parameters X

radar clusters incorrect

Information in radar clusters pro-  Point attributes are incorrect (position, veloc- X

vided incorrectly ity), clustering incorporates outliers

Information in radar clusters pro-  Incorrect spectrum processed X

vided at the wrong time

Information in radar clusters pro-  Point density too low, clustering parameters X

vided too short/long incorrect, noise points incorporated in pro-
cessing

Information not provided in ob- Hypothesis is refused, clustering informa- X

ject hypothesis tion is not available, tracking parameters are
incorrect

Information in object hypothesis  Incorrect motion model for tracking, wrong X

provided incorrectly information in cluster

Information in object hypothesis  Incorrect cluster list processed X

provided at the wrong time

Information in object hypothesis =~ Hypothesis is refused, clustering informa- X

provided too short/long

tion is not available, tracking parameters are
incorrect







B Appendices to Chapter 4

B.1 Exemplary Projection of Bounding Boxes in the
Radar Spectrum

The accuracy of the projection is evaluated for this image. The results are listed in
Table B.1. For each object in the image, the Euclidean distance €,y = || Pimg — Pyell,
between the projection coordinate (ximg, yimg) of the bounding box’s ground point and
the GT position (24, y4:) is computed. This spatial deviation is mainly caused by
the fact that objects must be concentrated to one reference point (4, y4¢). This point
requires a clear definition on where this point is located at an object (e.g., in the center
of the bicycle, at the position of the bicyclist or at the position of the bicycle’s axes). In
ROD2021, this reference is not given. Hence, the precision for a pedestrian is higher due
to its smaller dimensions compared to a bicycle or a car.

Table B.1: Evaluation of the spatial precision of image-based, three-dimensional object detection. Example
from ROD2021, sequence MLMS003, image ID 701.

Object Timg Yimg (u,v) Tgt Ygt €img

Car 12.838m  9.437m  (88,600) 11.876m  8.316m  1.477m
Ped. L 110.767m  41.632m  (393,550) - - -

Bicyclist  14.652m  3.454m  (512,593) 11.166m 2.17lm  3.715m
Ped. R 10.909m  0.516m  (672,610) 10.699m  0.373m  0.254m
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B.2 Pseudocode for the Threshold Reduction in Critical
Cells

This pseudocode illustrates the method of detecting weak peaks in preceding spectra
by spatially reducing the detection thresholds using Gaussian dimples and applying a
voting process, as outlined in Chapter 4.

Figure B.1: Algorithm illustrating the procedure of the proposed subsequent peak search method.

Algorithm 2 Subsequent peak search algorithm

1: Input: Abs. power spectrum S, Standard threshold factor khigh, Reduced threshold
factor kjow, Retrospection length nys

2: Output: List of detections D

3: function INVESTIGATE_PRIOR_FRAME(frame_id)

4: S « load_spectrum(frame_id)

5: Threshold Ty + ca_cfar(S)

6: Deonfirm < peak_detection(S, 7o, Khigh)

7: Dyt +— peak_detection(S, To, kiow)

8: fori < 0 to —npist do

9: Reduction term A(7) < get_reduction_term(i)
10: Reduced threshold 7 req < 7; — A(%)

11: Dyot < peak_detection(S;, T red; Khigh)
12: for each det in Dy, do

13: deucl < euclid_dist(det, detconfirm)

14: if deya < 0.5 and is_critical(det) then
15: B  det.voting «+ det.voting + 1

16: Dpot < Dpotldet.voting > 2]

17: | D ¢ [Dpot, Deonfirm) return D




Abbreviations and Symbols

Abbreviations
ACC Adaptive Cruise Control
AD Automated Driving
ADC Analog-to-Digital Converter
AEB Automated Emergency Braking
ASIL Automotive Safety Integrity Level
AVP Automated Valet Parking
CA Cell Averaging
CCL Connected Component Labeling
CFAR Constant False Alarm Rate
CNN Convolutional Neural Network
CTRA Constant Turn Rate and Acceleration
CTRV Constant Turn Rate and Velocity
CuT cell-under-test
cv Constant Velocity
DBSCAN Density-Based Spatial Clustering of Applications with Noise
DFT Discrete Fourier Transforms
DGU distributed generation unit
DSP Digital Signal Processing
EKF Extended Kalman Filter
EPS Electronic Power Steering
ESC Electronic Stability Control
FFT Fast-Fourier-Transformation
FIT Failure-in-Time
FMCW Frequency-Modulated Continuous-Wave
FN False Negative
FoV Field of View
FpP False Positive
GDV Gesamtverband der Deutschen Versicherungswirtschaft, German
Insurance Association
GNSS Global Navigation Satellite Systems
GT Ground Truth
HARA Hazard Analysis and Risk Assessment

HD High-dimension



182 Abbreviations and Symbols
HW Hardware
Icp Iterative Closest Point
ID Identifier
MU Inertial Measurement Unit
ISO International Organization for Standardization
KBA Kraftfahrt-Bundesamt, Federal Motor Transport Authority
KL Kullback-Leibler
MIMO Multiple Input Multiple Output
MPC Model Predictive Control
MSAC M-Estimator Sample Consensus
MSE Mean Squared Error
MUSIC Multiple Signal Classification
NDT Normal Distributions Transform
NHTSA National Highway Traffic Safety Administration
N Noise level type=latin
ODD Operational Design Domain
ODR Orthogonal Distance Regression
OEM Original Equipment Manufacturer
PI Proportional-Integral
PRI Pedestrian Risk Index
RA Range-Azimuth
RAD Range-Azimuth-Doppler
RANSAC Random Sample Consensus
RCS Radar Cross Section
RD Range-Doppler
RF Radio Frequency
Rol Region(s) of Interest
Rx Receive
SAE Society of Automotive Engineers (SAE) International
SLAM Simultaneous Localization And Mapping
SNR Signal-to-Noise Ratio
SOTIF Safety Of The Intended Functionality
STPA System-Theoretic Process Analysis
TP True Positive
TTC Time-to-Collision
Tx Transmit
VRU Vulnerable Road User
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Latin Letters

Symbol Description

a
A
B

QQ@‘

SETQe M YA g

vzsInTas>

QTN nE 3R

Depending on context: acceleration or attribute

Depending on context: point set evaluated critical or system matrix
Depending on context: RA blob as a set of cells with detected peaks, set of
TP critical points, or control matrix

Depending on context: bandwidth or number of cells for CA-CFAR
Depending on context: speed of light or camera principle point
Depending on context: RA cell in radar spectrum, set of clustered radar
points, cross sectional area, or observation matrix

Criticality

Depending on context: depth, distance, or lateral Frenet coordinate
Detection set

Ellipsoid parameters

Estimation set

Set of radar points removed by a rigid filter

Depending on context: frequency or camera focal length

Gravitational constant

Depending on context: antenna gain or process noise matrix

Depending on context: height or hypothesis

Set of hypotheses

Index 1, e.g., range bin index

Camera image

Depending on context: index 2, e.g., angular bin index, or jerk
Depending on context: constant factor or natural number between 1 and n
Kernel for CA-CFAR noise floor estimation

Length

System loss

Depending on context: mass or motion state

Natural number

Total number

Depending on context: point 1, power, probability, or error covariance
matrix

Point 2

Depending on context: radial position, radius, desired value, or range cell
Longitudinal frenet coordinate

Signal magnitude

State

Threshold for CA-CFAR peak detection

Time

Trajectory
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Abbreviations and Symbols

Symbol Description

S

ST

Depending on context: controller input or longitudinal pixel position in
camera image

Depending on context: velocity or lateral pixel position in camera image
Width

Energy

X position/direction

Depending on context: y position/direction or controller output
Depending on context: z position/direction or observation

Z position direction in world coordinate frame
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Greek Letters

Symbol Description

e

N> > 2

E €€ 99T >3 D

Angle of the circular arc

Rotation angle between world and vehicle coordinate frame

Depending on context: steering wheel angle or front wheel angle
Gaussian dimple function for threshold reduction

Depending on context: distance measure for DBSCAN, error, or permittiv-
ity

Angle between a radar point and the moving direction of the ego vehicle
Multiplier for a vector

Depending on context: radar wavelength or multiplier for a vector
Penalty term

Depending on context: mean value or friction coefficient

Depending on context: air density or Pearson Correlation Coefficient
Depending on context: RCS or standard deviation

Index of considered measurement frame

Depending on context: azimuth angle or azimuth angle cell

Steering rack position

Yaw rate, turn rate
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Indices and Exponents

Symbol Description

Oa Ackermann angle

Oaccept ~ Acceptable

Oadapt Adapted

O+ Component for addition

Haero Aerodynamic

i Alternative Solution

Massoc Associated

Hay Denominator for averaging cells
Oy Beat

Chin Bins in the RA spectrum

O B Blob

Mhrake For braking to standstill

Oe Cluster

Oc¢ ... in Cartesian coordinates

Dcam Camera

Oeand ... of the detection candidate
Otass Semantic class

Oeont ... at collision

Oconfirm  Confirmation cycles

Oo, Component for multiplication
eur Current

Ubopp Doppler ...

Oego ... of the ego vehicle

Ora False alarm

O Filtered

‘:lﬁx Fixed

Orn FN

Orp FP

Oframes ... of the frame rate

Otrenet ... in the Frenet coordinate system
Oground  Position of pixel which is on the ground level
Oge GT

Oguarda  Denominator for guarding cells
Dhist Historical

Uimg Image

Dinit Initial

Ok Arbitrary variable in a sample between 1 and n
Ui Kernel

Oiin Kinetic
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Symbol Description
Oy, Left side
hat Lateral component of a vector
Diong Longitudinal component of a vector
O Mixing
Omargin ~ Safety margin
Umatch ~ Matching
Ug,max  (Allowed) maximum of the value
Omeas Measured
O, Number of available samples
O Noise
Onn Nearest neighbor
Oobi Object
Cobs Observed
Oodom Odometry
Uopt Optimal ...
O, Proportional
Opark ... of a parked vehicle
Ope Point cloud
O, ... azimuth angle
Orec Required for planning
Upot Potential ...
Opred Predicted
Upts Points
O, Range, radius
Drad Radial
Oreact required for human or system reaction
Orec Received
Ored Reduced
el Relative (often the relative velocity that the radar sensor determines from
the signal’s Doppler shift)
Urem Remaining
Oret Retarding (due to, e.g., friction)
Or Right side
ORot Region of interest
Osafe Safety boundary
Ostop ... required for stopping the vehicle
Otang Tangential
Oiresn ~~ Threshold
Dol Tolerance
O, Transmitted
Oirust Trusted
Oyen Denominator for ego vehicle
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Symbol Description

Ovotes Votes, e.g. for existing evidence about an object in a cycle
Oworld ... in the world coordinate system

g ... in x-position or x-direction

Oy ... in y-position or y-direction
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