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Abstract

A reliable and robust map perception is a key enabler for scalable autonomous
driving by supporting multiple essential functions: Detecting map elements
from on-board sensors enables localization within a high-definition (HD) map,
verification that a map is up-to-date, and on-the-fly perception of map infor-
mation towards map-less driving paradigms. Traditional methods for train-
ing perception systems rely heavily on the costly, time-consuming, and often
sensor-specific process of manually annotating sensor data. In contrast, this
work presents a scalable approach for the generation of training data for ma-
chine learning models by leveraging HD maps as a supervision source across
different sensor modalities and perception tasks.

The first part of the thesis details the specification, recording and processing of
a multi-drive dataset that serves as a foundation for learning perception models
directly from HD maps. Complementary mapping approaches are applied to
create a comprehensive set of map layers. The contained map elements differ
in geometric representation, abstraction level, and functional role and offer a
diverse set of training targets for various perception tasks.

Based on this foundation, the second part of the thesis trains and evaluates mul-
tiple perception models across different sensor modalities and learning repre-
sentations. Towards this goal, a bird’s-eye view (BEV) perception model for
online HDmap construction from surround-view cameras is trained, while ana-
lyzing and optimizing the training regime across multiple dimensions. Comple-
mentary to the BEV representation, multiple perspective view map perception
models are trained for different sensor modalities and tasks. One line of ex-
periments generates pixel-accurate annotations for front-view cameras, where
trained models robustly predict diverse map element classes, including fine-
grained map elements such as dashed road markings, traffic lights, and traffic

i



Abstract

signs. The effectiveness of the proposed approach is also demonstrated in a fully
self-supervised cross-modal domain adaptation setting, transferring knowledge
from a richly annotated image dataset to the Light Detection and Ranging (Li-
DAR) domain via automatically generated HD maps.

Overall, this work positions HD maps as a versatile source of supervision for
training perception models, enabling automatic, scalable, and cost-efficient
training data generation in autonomous driving.

Usage of Large Language Models To enhance the written presentation of
this thesis, I used large language models (LLMs), including ChatGPT 4o/5,
and GitHub Copilot. I used these models to linguistically and grammatically
enhance and restructure individual sentences and text passages. All LLM-
generated text was manually checked, and often revised further. The models
were not used to generate new content. All methods, experiments, and results
described in this thesis were developed independently or by the co-authors in-
dicated in each case.
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Kurzfassung

Eine zuverlässige Kartenwahrnehmung ist eine zentrale Voraussetzung für die
Skalierbarkeit des autonomen Fahrens. Sie unterstützt hierbei eine Vielzahl
von Aufgaben: Die Erkennung von Kartenelementen durch bordeigene Sen-
soren ermöglicht die Lokalisierung innerhalb hochauflösender (HD-)Karten,
die Überprüfung ihrer Aktualität sowie die Online-Wahrnehmung von Kar-
tenmerkmalen für das kartenlose Fahren. Herkömmliche Methoden zum
Trainieren von Wahrnehmungssystemen stützen sich stark auf den kostspie-
ligen, zeitaufwändigen und oft sensorspezifischen Prozess der manuellen
Annotation von Sensordaten. Im Gegensatz dazu präsentiert diese Arbeit einen
skalierbaren Ansatz zur Generierung von Trainingsdaten für das maschinelle
Lernen, indem HD-Karten als Annotationsgrundlage für verschiedene Sensor-
modalitäten und Wahrnehmungsaufgaben genutzt werden.

Der erste Teil der Arbeit beschreibt die Spezifikation, Aufzeichnung und
Verarbeitung eines Datensatzes mit Mehrfachbefahrungen, der als Grundlage
für das Lernen von Wahrnehmungsmodellen aus HD-Karten dient. Dabei wer-
den durch verschiedene Kartierungsansätze Kartenelemente erzeugt, die sich
grundlegend in ihrem Erstellungsprozess und den enthaltenen Informationen
unterscheiden. Die Kartenelemente variieren hinsichtlich ihrer geometrischen
Darstellung, ihres Abstraktionsgrades und ihrer funktionalen Rolle für das au-
tonome Fahren. Dadurch bieten sie eine vielseitige Grundlage für das Training
unterschiedlicher Wahrnehmungsmodelle.

Im zweiten Teil der Arbeit wird dieser Datensatz genutzt, um mehrere
Wahrnehmungsmodelle über verschiedene Sensormodalitäten und Lernreprä-
sentationen hinweg zu trainieren und zu evaluieren. Zunächst wird ausgehend
von den Sensordaten eines Multi-Kamerasystems ein Wahrnehmungsmodell
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Kurzfassung

trainiert, welches Kartenelemente in der Vogelperspektive schätzt. Ergänzend
hierzu werden perspektivische Wahrnehmungsmodelle für unterschiedliche
Sensormodalitäten und Aufgaben trainiert. Ein Beispiel hierfür ist die Er-
zeugung von pixelgenauen Annotationen für Frontkameras, sodass es den
trainierten Modellen gelingt, Kartenelemente verschiedener Kategorien robust
zu klassifizieren. Darunter zählen auch feingranulare Kartenelemente wie
gestrichelte Straßenmarkierungen, Ampeln und Schilder. Die Wirksamkeit des
vorgeschlagenen Ansatzes wird zudem in einem vollständig selbstüberwachten
Domain-Adaptation-Setting demonstriert, bei dem Wissen aus einem umfang-
reich annotierten Bilddatensatz über automatisch generierte HD-Karten in die
LiDAR-Domäne und damit einer anderen unterrepräsentierten Sensormodalität
übertragen wird.

Insgesamt präsentiert diese Arbeit HD-Karten als vielseitige Informations-
quelle für die automatisierte, skalierbare und kosteneffiziente Generierung von
Trainingsdaten im Kontext des autonomen Fahrens.
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Notation

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

Coordinate Systems and Poses

ℱA Coordinate system AℱR World coordinate systemℱV Vehicle coordinate systemℱS Sensor coordinate system𝐑 ∈ ℝ3×3 Rotation matrix𝐭 ∈ ℝ3 Translation vector
T ∈ 𝑆𝐸(3) Isometric transformation or pose
BTA Transformation from coordinate system ℱA to ℱB
T𝑖 Vehicle pose at timestamp 𝑖 in coordinate system ℱR
TΔ𝑖𝑗 Vehicle pose delta between timestamp 𝑖 and 𝑗 in ℱR
TE𝑠 Pose of sensor 𝑠 in ℱV, extrinsics
T Set of poses𝒯 Track, consisting of set of consecutive poses

Sensor Data and Models

u = (𝑢, 𝑣)T Pixel on 2D image plane at pixel coordinates 𝑢, 𝑣
c = (𝑥, 𝑦)T Cell on 2D grid map at cell coordinates 𝑥, 𝑦
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p = (𝑥, 𝑦, 𝑧)T Point in 3D space at point coordinates 𝑥, 𝑦, 𝑧
u𝑐 = (𝑢𝑐 , 𝑣𝑐)T Principal point of camera model
I Image
I Set of images
P Point cloud, set of points
P Set of point clouds, set of set of points𝑓 focal length𝒫F Forward camera model𝒫B Backward camera model

Sensors and Maps

Cc
FV Front-view color camera, part of surround-view

camera setup
Cg

LV Left-view greyscale camera, part of surround-view
camera setup

Cg
RV Right-view greyscale camera, part of surround-view

camera setup
Cg

BV Back-view greyscale camera, part of surround-view
camera setup

Cg
SFV Front-view greyscale stereo camera setup

Cg
TFV Roof-top front-view greyscale camera

Cg
TBV Roof-top back-view greyscale camera

L128
AP Velodyne Alpha Prime LiDAR sensor with 128 beams
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Maps

𝓁 Map elementℒ Set of map elements
MDS Physical map layer of dense map elements,

representing ground surface and road markings
MLT Lane-level topological map layer, representing lanes

and their connectivity
MEP Physical map layer of sparse, elevated map elements,

representing poles, traffic signs, and traffic lights

Metrics and Evaluation

𝑑CD(𝑆1, 𝑆2) Chamfer Distance between point sets 𝑆1 and 𝑆2
PR Precision
RE Recall
AP Average Precision𝑁TP,𝑐 Number of true positives for class 𝑐𝑁FP,𝑐 Number of false positives for class 𝑐𝑁FN,𝑐 Number of false negatives for class 𝑐
IoU𝑐 Intersection over Union for class 𝑐
mIoU Mean Intersection over Union
PQ Panoptic Quality
RQ Recognition Quality
SQ Segmentation Quality
th Indicator for thing classes
st Indicator for stuff classes
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Identification of Authorship

[⋅]∗ The author of this work contributed as first author[⋅]† The author of this work contributed as co-author

Others

𝕀 Identity matrix

xiv



Acronyms

2D 2-dimensional

3D 3-dimensional

ADAS Advanced Driver Assistance System

AP Average Precision

BEV Bird’s Eye View

DIRD DIRD is an Illumination Robust Descriptor

FCN Fully Convolutional Network

FOV Field of view

FZI Forschungszentrum Informatik

GNSS Global Navigation Satellite System

GT ground truth

IMU Inertial Measurement Unit

IoU Intersection over Union

JOSM Java OpenStreetMap Editor
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Acronyms

KHYS Karlsruhe House of Young Scientists

KIT Karlsruher Institut für Technologie

KSOP Karlsruhe School of Optics and Photonics

LiDAR Light Detection and Ranging

LL2MLconv Map-to-Label Converter

mIoU mean Intersection over Union

MRT Institut für Mess- und Regelungstechnik

OSGeo Open Source Geospatial Foundation

PQ Panoptic Quality

RaDAR Radio Detection and Ranging

SAE Society of Automotive Engineers

SIFT Scale-Invariant Feature Transform

SLAM Simultaneous Localization and Mapping

SURF Speeded Up Robust Features

SVP single viewpoint

TAF Testfeld Autonomes Fahren

TMS Tile Map Service
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1 Introduction

1.1 Towards Fully Automated Driving

The advent of fully automated driving promises substantial improvements in
road traffic efficiency, comfort and safety: It increases efficiency by reduc-
ing traffic congestions, optimizing traffic flow and facilitating shared mobility,
which ultimately reduces the number of vehicles on the road and CO2 emis-
sion [Pet18]. Besides eliminating the need for a steadily alert driver, prescient
decision-making can improve passenger comfort through smooth and consis-
tent driving behavior. Alongside this, safety is increased by minimizing human
error and reaction times. In 2022, an estimated number of 5.93 million police-
reported crashes occurred in the United States alone, resulting in more than
43 000 fatalities. This translates to 1.33 fatalities per 100 million miles traveled
[NHT24] and makes the improvement of road safety a crucial societal goal.

The economic potential of autonomous driving is also substantial: recent es-
timates project a global market volume of $300 to $400 billion annually by
2035 [DEH23], with major contributions expected from Level 4 automation as
defined by Society of Automotive Engineers (SAE) [SAE21], i.e., highly au-
tomated driving in specific conditions. Consequently, a growing number of
companies are entering the field, ranging from established automotive manu-
facturers to big tech companies and startups. For example, Waymo [Way24b]
and Cruise [Cru24] have launched their corporate robotaxi fleets in San Fran-
cisco in 2021 and 2022, respectively. Since then, Waymo has expanded its
services to many US cities, i.e., Phoenix, Los Angeles, Austin, and soon to Mi-
ami [Way24a], reaching over 150 000 rides per week. At the same time, there
is an increasing number of research-oriented robo-shuttle pilot projects, e.g.,
FABULOS [Fab21] or Testfeld Autonomes Fahren (TAF) [OFO23]. However,

1



1 Introduction

these projects are still constrained to restricted service areas or specialized use
cases, such as low-speed passenger shuttles or last-mile cargo transport.

1.2 Bridging the Gap between Map-based and
Map-less Driving

In contrast, for a safe and scalable deployment of fully autonomous driving in a
close-to-open world, each component of its hardware and software stack must
operate with high reliability and robustness. These components range from the
vehicle’s sensor suite and perception system to its behavior generation modules
and actuation system, as illustrated in Figure 1.1. Recently, the performance of
perception systems has been evolving rapidly, with continuous advancements
leading to significant improvements in accuracy and range of information for
downstream modules [JGB20]. Besides the long-tail distribution of rare events
and the awareness of unknowns, remaining challenges of the perception system
include uncertainty caused by occlusions or sensor limitations like sensor range
and measurement accuracy.

Here, HD maps may serve as an advanced and unique virtual sensor, offering
insights into the static environment that exceed the capabilities of onboard sen-
sors and causal processing systems with real-time constraints. The information
they provide far exceeds physical road infrastructure or explicit road geometry:
They include complex features such as lane topology or associations between
traffic elements and lanes for which to infer a deep understanding of the road
topology is required. Yet, the reliance on HD maps comes with high costs
due to their cost-intensive creation and tedious maintenance caused by frequent
changes in the so-called static world.

2



1.3 Map Perception and Its Applications
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Figure 1.1: A schematic overview of an autonomous driving software stack. For a more detailed
description, see [MM15].

Even with substantial investments in continuous updates, maps inevitably rep-
resent a snapshot of the past andmay contain outdated information. Thus, many
global players are doubting the feasibility of verified HD maps as a permanent
prerequisite for the application of autonomous driving [Kar20]. These con-
siderations paired with the recent advancements in perception systems have
sparked a paradigm shift from map-dependent approaches towards map-less
or less-map driving by perceiving map elements from on-board sensor data.
Instead of relying on either a pure map-dependent or map-less solution, future
approaches might combine the unique strengths of both worlds using HD maps
as a prior or backup system to increase reliability of the overall system.

1.3 Map Perception and Its Applications

Perceiving map elements from on-board sensor data is referred to as map per-
ception and consists of many sub-tasks depending on sensor modality, task
representation and requirements set by downstream applications. This ability
serves not only as a foundation for map-less driving, but also offers several other
valuable applications. In the following, four key applications are identified and
briefly described.

Semantic localization Semantic features of various representations can be
used as landmarks for localization in semantic HD maps. For instance,
[PSH18] localize with monocular semantic segmentation in a planning
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map, while [KSP19] uses geometric primitives like poles or facades to
localize in a map with corresponding features.

Map verification, validation and change detection Real-world features cap-
tured in an HD map are often described as static, whereas in reality, they
should be considered only temporarily stable and in a state of constant
change [LH21]. Thus, a map perception system to detect map changes
is essential to be able to verify existing HD maps or render parts of the
map as invalid [PSH18].

Automatic HD map generation and map update In contrast, map update, e.g.,
[PLH20], is the task of partially updating outdated map elements with
new detections. For further reference, [WJY24] and [BHL23] have con-
ducted extensive reviews for automatic mapping and map updates.

Less-map and map-less driving A central objective of map perception is to
eliminate the necessity of a well-maintained and comprehensive HD
map. The author of this work differentiates between less-map and
map-less driving. The former refers to a transitional state in which the
HD map can either be reduced to a simpler SD map or the continuous
availability of a verified HD map is not essential at all times [WLL23,
LCW23, WNS24].

Both the second and third applications can, to some extent, be conducted with
aerial images. However, the coverage, fidelity and frequency of a respective
application does tremendously benefit from using on-board sensor data of a
vehicle fleet.

1.4 Goal and Contributions

The overarching goal of this thesis is to investigate the potential of HDmaps as a
supervision source for training perceptionmodels across various sensor modali-
ties and tasks. Conventional approaches to training perception models typically
depend on vast amounts of manually annotated sensor data, tightly coupled to a
specific sensor modality and task. This costly and time-consuming dependence
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1.4 Goal and Contributions

not only limits scalability but also makes models susceptible to domain gaps
across sensors. Given that HD maps encode rich and structured semantic infor-
mation, the generation of training data directly from maps, here referred to as
learning from maps, offers a promising alternative for map-related perception
tasks and beyond. While the general idea is supported or already applied by
various research directions, there is not much research which specifically and
comprehensively targets this topic. This thesis leverages different map repre-
sentations to train models for HD map construction as well as for general per-
ception and domain adaptation tasks. It covers the entire process from sensor
data collection over HD map generation and training regimes to model evalua-
tion. The main contributions are summarized as follows:

• A novel multi-drive dataset is specified, recorded, and processed accord-
ing to well-defined requirements that enable the exploration of HD maps
as a supervision source. It features a comprehensive, well-calibrated sen-
sor suite mounted in a close-to-production configuration, with at least
four drives per sequence and a highly accurate multi-drive SLAM back-
bone. This dataset not only serves as a foundation for the conducted ex-
periments in this work but also as a reference for future dataset designs.

• Three complementary HD mapping methods are employed to create di-
verse, high-quality map layers with centimeter-level precision. These
layers differ fundamentally in their geometric representation, abstraction
level, and functional role, as well as in their generation process. Com-
bined, they yield a representative set of map elements for different learn-
ing tasks, covering a spectrum from physical road-surface representations
to geometric models of traffic infrastructure, and topological, planning-
grade map elements. This enables learning from maps across heteroge-
neous feature representations and learning tasks.

• Perception models are trained for multiple tasks and paradigms to evalu-
ate the effectiveness of map-based supervision. This includes a BEVmap
perception model for online HD map construction from surround-view
cameras. The in-depth study investigates the benefit of different train-
ing regimes, such as multi-drive supervision and heterogeneous camera
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setups, along with the integration of recent advancements in label gener-
ation and definition to achieve state-of-the-art label quality.

• Lastly, learning from maps is explored in the context of perspective
view map perception within two settings: First, the proposed XD-
MAP framework performs fully self-supervised domain adaptation that
transfers sensor-specific knowledge between sensor modalities using
a semantic parametric map as a bridge between the domains. Unlike
prior approaches, it does not require similar sensor characteristics or
overlapping sensor fields of view and its effectiveness is demonstrated
across multiple perception tasks. Second, pixel-accurate annotations for
front-view cameras are generated from HD maps, enabling training of
models for a wide range of map elements, from large road surfaces to
fine-grained traffic light structures.

1.5 Outline

The remainder of this work is structured as follows: First, Chapter 2 and Chap-
ter 3 review the corresponding relatedwork and fundamentals. Chapter 4 guides
through the creation of a multi-drive dataset to train perception models from
HD maps, followed by the description and application of multiple HD map-
ping pipelines in Chapter 5. Chapter 6 and Chapter 7 comprise the training
and evaluation of models for different perception tasks and sensor modalities
by leveraging the created dataset. Finally, Chapter 8 summarizes the main con-
tributions and discusses future research directions.
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This chapter provides an overview of related work in the context of using HD
maps as a supervision source for training perception models across various
sensor modalities and tasks. The following research components are relevant
or related to this work and covered in this chapter: First, it reviews the de-
sign, format and generation of HD maps in general as well as their availabil-
ity in public autonomous driving datasets. Second, efficient annotation meth-
ods for autonomous driving datasets are discussed, followed by related work to
map perception. Finally, it introduces Simultaneous Localization and Mapping
(SLAM) techniques that form the algorithmic foundation for creating consis-
tent HD maps.

2.1 HD Map Design, Format and Generation

HD maps serve as a strong prior for understanding the static environment and
complementing uncertainty-affected on-board perception, making them a cru-
cial component in many autonomous driving stacks. One perspective is to
view HD maps as a precomputed database able to combine data from multiple
sources, viewpoints, and sensing modalities [Lyf18], effectively solving a sub-
set of the autonomy problem by leveraging exhaustive computational resources
and sensor data. Others [Atl20] consider HD maps as a digital twin, implying
that it is not only a replica of the physical environment but also in direct com-
munication with its physical counterpart [IBM22]. In autonomous driving, this
might be presented by a permanently updated environment model, so that both
map and model receive updates of the static environment and involved traffic
participants [SW22].
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(a) Levison [LAB11]. (b) Ziegler [ZBS14]. (c) Lyft Level 5 [Lyf18].

(d) TomTom [Tom18]. (e) Poggenhans [PPJ18]. (f) HERE Technologies [HER].

Figure 2.1: Examples of different HD map designs. Some layer architectures were used in au-
tonomous driving projects, others were suggested in conjunction with a corresponding
map format or are independently presented in research papers. A detailed overview of
different layer compositions is given in Table A.2.

Due to the multiplicity of HDmap applications, continuously changing require-
ments and an ecosystem of competing map providers, there is not yet one es-
tablished standard or format for HD maps. Instead, various providers initially
developed maps for Advanced Driver Assistance System (ADAS) systems and
incrementally extended them tomeet the growing demands of autonomous driv-
ing. This has led to a diverse set of map designs, layer structures, and formats.
Prominent examples from academia and industry are depicted in Figure 2.1
alongside with a more detailed comparison of layer compositions in Table A.2.
The research, conducted within this work, builds on the Lanelet2 map frame-
work [PPJ18] and also contributed to a novel extension of Lanelet2, Map-to-
Label Converter (LL2MLconv) [IFB25b]†, which bridges the gap between HD
maps and training map perception models.

† To which the author contributed as co-author.

8



2.1 HD Map Design, Format and Generation

From map format to map framework Rather than focusing solely on map
formats, there is a growing need for comprehensive and integratablemap frame-
works that not only define how to store spatial data but also provide a rich
toolset to interact with HD maps. Lanelet2 [PPJ18, PJ20] is such a map frame-
work, aiming to serve as a unified map format for a great variety of autonomous
driving tasks and providing an unprecedented set of tools to access, manipu-
late and extend HD maps. Continuing the bottom-up modeling philosophy of
its predecessor, LibLanelet [BZS14], Lanelet2 structures road networks using
atomic segments called lanelets. This representation allows for precise mod-
eling of complex road geometries and intersections. Consequently, it has be-
come the de-facto standard for map datasets addressing prediction and planning
tasks [ZSW19, BKM20, KMB20] and is also used in modern automated driv-
ing stacks [Aut23] due to its ROS [MFG22] integration paired with an efficient
implementation. OpenDrive [HSH14], originally developed for road network
description in driving simulations, is a coexisting popular HD map format in
autonomous driving stacks. Similar to many other formats, it is modeled top-
down, which makes the representation of complex road networks challenging
and has no official map validation or certification process.

Map generation and mapping of geometric primitives Creating reliable,
high-fidelity maps is often a labor-intensive process that involves manual anno-
tation and quality control, increasing the interest in (semi-)automated map gen-
eration methods. The qualitative term high-fidelity is used to describe how the
level of detail and the centimeter accuracy reflect the real-world, distinguish-
ing global accuracy, i.e., positioning of features on the earth-scope, and local
accuracy, i.e., positioning of features relative to its feature-neighbors [Ian18,
Atl20]. Automated map generation approaches typically rely on sensor data
collected either by commercial fleets or via crowdsourced individual vehicles.
For example, basic SD map features like the road network are inferred from
ego trajectories, for which [BE12] provides a survey. More recent approaches
target the generation of HD maps, or a map element subset, by processing col-
lected on-board sensor data or receiving semantic feature detections from an
on-board processing unit [DDG17, IFG23]. Some methods also incorporate
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aerial imagery to extract physical features [PS10] or to infer high-level map el-
ements like road topology [HB22]. Finally, hybrid approaches combine aerial
and on-board data sources to enhance HDmap generation [WMB22, MWF16],
benefiting from the complementary strengths of both sources.

The choice of geometric primitives for map elements in automatic mapping
approaches has become a common practice. Its suitability for a specific map
element depends on many factors, ranging from its semantic class to its func-
tional role in the automated driving stack. While a compact representation with
fewer parameters is efficient to store and robust to estimate, many tasks require a
minimum level of detail and benefit from geometric richness. Next to elements
representing the road layout, traffic signs have been a typical class to be auto-
matically detected and mapped [SPV13, VYF13], commonly modelled as pla-
nar structures in 3D space. In contrast, traffic lights are often mapped as points
equipped with corresponding height and number of lights [FU11, LAB11]. Ge-
ometric primitives such as edges [ZS14], flat surfaces [ZS14, KSP19], and
poles [SDS17, KSP19] have been proposed as compact and robust semantic
landmarks, typically in the context of localization and mapping. A generic ap-
proach by [PSS21] proposes to detect semantic objects in camera images as
instance masks and fuse them with LiDAR depth to estimate parametric rep-
resentations. These parametric representations are semantically tailored to the
object class, i.e., modelling poles and traffic lights as cylinders and traffic signs
as planes.

2.2 HD Maps in Autonomous Driving Datasets

In the context of online map perception, three datasets, nuScenes [CBL20], Ar-
goverse 2 [WQA21], and Waymo Open Motion dataset [Way24c], are particu-
larly relevant as they provide a comprehensive sensor suite paired with mean-
ingful HDmaps. The first two arewidely used for benchmarking recent research
in vectorized online map construction, e.g., [LCW22, LCZ24, CWT24]. They
are briefly characterized and compared in the following.
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(a) Reprojection examples from nuScenes using the most current map update, version 1.3. The
semantic map elements are annotated as 2D surfaces and distinguish eleven classes.

(b) Reprojection examples from Argoverse 2. The vectorized map elements are annotated in 3D
and include lane boundaries, road markings, traffic directions, crosswalks and intersections.

Figure 2.2: Qualitative comparison of reprojected map elements in the sensor space. It underlines
the importance of 3D map features in the context of maps as supervision signal.

NuScenes The nuScenes dataset [CBL20], recorded in Boston and Singa-
pore, consists of 1000 20-second scenarios, aiming for a diverse set of loca-
tions, times and weather conditions. In contrast to many previous datasets, it
strives to provide a comprehensive autonomous driving sensor suite including
a camera ring with six 1600 px × 900 px cameras, a 32 beam spinning LiDAR,
operating at 20Hz, five Radio Detection and Ranging (RaDAR), and a GPS-
IMU unit. Keyframes, selected with 2Hz, are humanly annotated with 3D
bounding boxes in 23 semantic classes. Each scenario is also paired with an
HD map, distinguishing eleven semantic surface categories. However, the map
is still limited to 2-dimensional (2D) features and does solely provide seman-
tic information as flat polygons. Recently, Naumann et al. [NHG23] converted
nuScenes maps into the Lanelet2 format, allowing explicit access to road ge-
ometry and topology.
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Argoverse 2 The Argoverse 2 dataset [WQA21] was recorded in six US
cities. Its synchronized sensor suite includes a ring with seven 2048 px ×
1550 px RGB cameras, two stacked VLP-32 LiDAR sensors with a total of 64
beams and a front facing stereo camera. The corresponding Sensor Dataset
includes 1000 15-second scenarios, annotated at 10Hz, and a 3-dimensional
(3D) lane-level annotated semantic vector map containing lane boundaries,
marking types, traffic directions, crosswalks and more. Additional ground
truth annotation for 30 object classes ranging from different types of vehicles
to pedestrians and even wheelchairs are labeled amodal 3D bounding cuboids,
which are labeled with a fixed size over time of one scenario. With the release
of OpenLane-V2 [WLL23], Wang et al. build on Argoverse 2 and nuScenes
by extending the lane-level map with lane connectivity and topology, in
conjunction with lane-associated traffic elements and signals.

While, due to historic reasons, nuScenes is favored in many research papers,
Argoverse 2 is the superior dataset in the author’s view due to its spatial di-
versity, sensor suite, and vectorized rich 3D map features. In contrast to a
sample size of 40 000, covering 5 km2 in case of nuScenes, Argoverse 2 cov-
ers 17 km2 with more than 150 000 annotated frames. The pioneering work
of Lilja et al. [LFS24], in which the authors emphasize the importance of a
strict geographic split of training and test set for benchmarking map perception,
supports this view, as nuScenes suffers from a significantly more pronounced
accuracy drop when evaluated with a strict geographic split compared to Ar-
goverse 2. The study demonstrates that a map perception model trained on
nuScenes struggles to generalize in non-visited scenarios, which might be due
to its limited geographic coverage. The importance of 3D annotation of map
elements is shown in Figure 2.2.

There are more datasets containing rich HD maps paired with drone record-
ings but these do not include sensor data from a vehicle’s perspective [ZSW19,
BKM20, KMB20]. Often these datasets are designed for tasks like behavior
prediction or motion planning and are not further discussed in this work as they
are not suitable for learning a perception from on-board sensor data. Other
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datasets such as Lyft [Lyf18], TuSimple [TuS23] or Argoverse 1 [CLS19] pro-
vide both an HD map and on-board sensors but are inferior to the aforemen-
tioned datasets, hence less prominent in recent research and also not further
discussed in this work.

2.3 Efficient Annotation of Autonomous Driving
Datasets

Manually annotating a dataset is a tedious and time-intensive procedure, espe-
cially if each training instance is annotated manually for a specific task. This
high effort increases with the growing complexity of features to be annotated,
and the larger data volumes required for modern machine learning models. In
the following, a selection of related work is presented that describes the cre-
ation of datasets for automated driving applications with a focus on reducing
the required labor by automatic or semi-automatic methods.

For the pixel-wise semantic instance annotation of an image in the Cityscapes
dataset [COR16], the authors reported an annotation time of 1.5 h per image.
The reported time included the quality control of the ground truth (GT) and it is
worth noting that Cityscapes set new standards in annotation quality at the time,
acting as a widely used benchmark for semantic and instance segmentation still
today. Similarly, [XKS16] reported a manual annotation time of 1 h and pro-
posed a semi-automated 3D to 2D label transfer to speed up the process: After
a static scene reconstruction from stereo and LiDAR, rough 3D primitives are
annotated in a local 3D world. From this representation, 2D instance polygons
are derived in the image domain by a back-projection. This work is extended
by [LXG23], which also proposes to label 3D primitives in a local batch of
accumulated point clouds. In comparison to [XKS16], the novel 3D to 2D in-
ferencemodel is updated and allows to include the label propagation of dynamic
objects. Similarly, the previously mentioned datasets nuScenes [CBL20] and
Argoverse 2 [WQA21] also provide semantic information in an HD map or, to
be more specific, a format which is a map-like representation.
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Further approaches have been developed to facilitate the annotation process
of training data by using machine learning techniques to assist in the annota-
tion process. As an example, [LGK19] outlines a method in which a human
annotator sets initial conditions such as drawing bounding boxes or adjusting
polygon points. Along with the data to be annotated, these inputs are repeatedly
re-interpreted by a graph neural network, which incrementally refines the anno-
tations while keeping the human annotator in the loop. This process continues
until the human annotator approves the final annotation proposal.

A cost-effective way to generate vast amounts of training data is to derive it
from a synthetic simulation. [RSM16] and [RVR16] are examples of datasets
for urban semantic scene understanding, which aim to provide close-to photo-
realistic camera images from a virtual city. In contrast, CARLA [DRC17] of-
fers a highly customizable simulation environment with interactive, intelligent
models for traffic participants and various virtual sensor models. This allows to
simulate tailored traffic scenes fulfilling specific requirements regarding scene
complexity, weather conditions, and GT definition. However, the domain gap
between synthetic and real-world data remains a challenge and limits the direct
applicability of models trained on synthetic data in the real world.

2.4 HD Map Perception

In the context of autonomous driving, perception refers to the process of inter-
preting on-board sensor data to understand the surrounding environment and the
traffic scene. Perception systems vary widely depending on the sensor modal-
ity and data representation as well as the target task and inference approach. In
this work, HD map perception includes all perception tasks that can be applied
to perceive map elements or information to derive map-like features. Common
perception tasks range from object detection, classification, and tracking to on-
line HD map construction or completion. Recent breakthroughs in deep learn-
ing and computer vision, combined with the release of large-scale datasets and
benchmark definitions, have fundamentally extended the boundaries of percep-
tion systems, increasing robustness, accuracy, and task complexity. While the
landscape of perception tasks in autonomous driving is vast and a significant

14



2.4 HD Map Perception

share can be applied to online perception of HD maps, this section focuses on
tasks used to evaluate the presented work in Chapter 6 and Chapter 7, namely
semantic and panoptic segmentation and online HD map construction.

Pixel-wise and point-wise segmentation The first of three well-studied
pixel-wise image segmentation tasks is semantic segmentation, which assigns
a semantic class to each pixel in an image. Fully Convolutional Networks
(FCNs) [LSD15, RFB15, YŞU19] long dominated this field, usually de-
signed in an encoder-decoder architecture with convolutional network layers.
Following the success in language and vision [KNH22], many recent ap-
proaches [CSK21, SGL21, ZLZ21] have shifted towards transformer-based
architectures. The second task instance segmentation not only predicts the
semantic class of objects but also distinguishes between different instances
of the same class. However, solely pixels of instantiable classes, called thing
classes, are considered, in contrast to stuff classes representing the background
scene. Common approaches [HGD17, CV18] formulate it as a mask clas-
sification problem by predicting a binary mask along with a semantic class
for each instance. Finally, panoptic segmentation, introduced by Kirillov
et al. [KHG19], reformulates the joint semantic and instance segmentation
of an image as a unified task, targeted by both FCN-based [KGH19] and
transformer-based [CSK21, WZA21] approaches. While a semantic class is
assigned to each pixel, objects representing a countable thing class are addition-
ally distinguished as instances. In contrast to these specialized architectures,
Mask2Former [CMS22] and OneFormer [JLC23] unify the segmentation tasks
by achieving state-of-the-art results with one model architecture or even a
single training in all three disciplines.

In contrast to images, LiDAR point clouds have an unordered structure with
varying point density, making it crucial to design architectures to mitigate
these challenges. While many approaches apply spherical [MVB19, KLC23,
XWW20] or Bird’s Eye View (BEV) projections [BWJ20, BLR21], others
explore sparse attention or local feature strategies to directly process the point
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cloud [QYS17, MXN21]. Further approaches partition the 3D space into re-
gional groups [FPZ22] or use cylindrical partition for voxels [ZZW21] paired
with asymmetrical 3D convolution to better fit point distributions.

OnlineHDmap construction Originally introduced along with the HDMap-
Net [LWW22] architecture, the task of online HD map construction involves
predicting a set of polygons and polylines that represent map elements in a 2D
BEV grid, using onboard sensor data. The onboard sensor data typically con-
sists of surround-view camera images, LiDAR point clouds, or a combination of
both. While the original work adopts a multi-stage pipeline, i.e., first predicting
a semantic map followed by a heuristic post-processing to vectorized instances,
many follow-up works have reformulated the task as a single-stage problem,
directly predicting vectorized map instances using a DETR-based transformer
architecture [CMS20]. Prominent examples include VectorMapNet [LYW23],
which detects vertices of each curve with an autoregressive decoding strat-
egy and MapTR [LCW22], which introduces a hierarchical bipartite matching
mechanism and concurrently infers a fixed number of points per map instance.
The latter design is extended in [LCZ24] to MapTRv2 by incorporating a one-
to-many query design, adding perspective semantic segmentation of map ele-
ments as an auxiliary supervision signal, and introducing a novel point-to-point
matching strategy. Others explore further training strategies [ZLW23, CDF23]
or curve representations [QDQ23, ZZD24]. Whereas earlier approaches con-
strained the standard perception range, both for prediction and evaluation, to
30m longitudinally and 15m laterally, more recent works have extended this
near range setting to larger grid maps, e.g., 100m × 50m [YLW24] or even
240m × 60m [JZL24], particularly when incorporating far-seeing priors along
with the single-shot sensor input. Examples for such far-seeing priors include
pre-existingmaps [SYL25, JZL24, IFB25a, IPF25], as well as accumulated sen-
sor data from previous recordings in suitable representations [CWT24, XLY23,
SCC24].

Online HD map construction has become one of the most prominent represen-
tatives of map perception and in the context of using HD maps as a supervision
signal for training perceptionmodels. This development hasmainly been driven
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by the release of datasets which offer both a rich HD map and a comprehensive
sensor suite, namely nuScenes and Argoverse 2 datasets. In addition to online
HD map construction, BEV semantic segmentation is also performed on these
datasets, often jointly with vehicle detection [ZK22, CCW22] in a coarse cell
resolution of 25 cm to 50 cm. Other approaches such as [PCF23] also perform
lane segmentation in a finer cell resolution of 15 cm.

2.5 Localization and Mapping in Autonomous
Driving

Simultaneous Localization and Mapping (SLAM) [TBF05] is a fundamental
task for mobile robotic systems, enabling an agent to localize itself within a
map while concurrently enlarging, updating or refining it. Usually, a local-
ization map layer consists of a set of landmarks, i.e., feature vectors, or other
representations of encoded geographically distinctive information. Since there
is a vast amount of literature on SLAM, the reader is referred to [CPA23] for
a comprehensive survey on state-of-the-art techniques. The following briefly
overviews visual localizationmethods, including feature-based and direct meth-
ods, as this is the focus of the presented work.

Feature-based methods, e.g., [LS14], rely on encoding distinctive local image
information into feature vectors in order to match them across different frames.
Depending on the application, the feature descriptor should be invariant to cer-
tain transformations like scale, rotation, and illumination changes. Prominent
examples of feature descriptors are Scale-Invariant Feature Transform (SIFT)
[Low04], introducing a scale and rotation invariant descriptor, Speeded Up
Robust Features (SURF) [BTV06], adopting inspirations of SIFT while being
notably faster, and ORB [RRK11], a quite fast binary descriptor performing
well under transformations making it popular for real-time applications [MT17,
CER21].

In contrast, direct methods are optimizing the pose graph by directly minimiz-
ing the photometric error between warped image pixels of consecutive frames.
They are generally considered more robust in low-texture environments where
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few distinctive landmarks are present. However, their high computational cost
makes them less suitable for real-time applications. Consequently, many real-
time SLAM systems, including the approach presented in this work, rely on
feature-based methods. Regarding further literature on SLAM itself, the reader
is referred to [ESC14, EKC18].
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Basic fundamentals essential for understanding the presented work are intro-
duced in this chapter. It begins with an overview of the fundamentals required
for sensor data capturing, processing and mapping in robotics, followed by the
applied evaluation metrics in the evaluation chapter.

For further reading, Beyerer et al. [BPF16] offer an extensive overview of co-
ordinate systems, transformations, and different aspects of image acquisition.
An in-depth exploration of SLAM and place recognition algorithms is offered
by Thrun et al. [TBF05] and Lategahn and Stiller [LS14] for visual SLAM in
particular. For literature onmachine learning and deep learning, the reader is re-
ferred to Bishop [Bis06], Goodfellow et al. [GBC16], and LeCun et al. [LBH15]
for comprehensive overviews.

3.1 Isometric Transformation and Coordinate
Systems

A 3D isometric transformation T ∈ 𝑆𝐸(3) is a rigid body transformation be-
tween two coordinate systems that preserves Euclidean distances and angles
between all transformed points [Ced04]. It is defined by a rotation matrix𝐑 ∈ ℝ3×3 and a translation vector 𝐭 ∈ ℝ3, which can be combined into

ATB = [ 𝐑 𝐭0 0 0 1] (3.1)

to form a single 4 × 4 matrix representing the isometric transformation from
coordinate system B to A, denoted as ℱB and ℱA respectively. Given a point
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pB ∈ ℝ3 in coordinate system ℱB, it is transformed to ℱA by

[pA1 ] = ATB [pB1 ] , (3.2)

where the points pA and pB ∈ ℝ3 are extended to homogeneous coordinates.
Furthermore, multiple isometric transformations can be concatenated bymatrix
multiplication, i.e., ATC = ATB

BTC, and the inverse of an isometric transfor-
mation is given by

(BTA)−1 = ATB, with ATB
BTA = 𝕀 ∈ ℝ4×4. (3.3)

In this work, multiple coordinate systems are defined: First, the world coor-
dinate system ℱR serves as a fixed point of origin for HD maps and as the
reference frame for ego-vehicle poses. Second, the vehicle coordinate systemℱV is a local coordinate system at a fixed point on the vehicle’s body, typically
located directly beneath the center of the rear axle on the ground level. As de-
fined in ISO8855 [Int11], its x-axis is directed to the front of the vehicle, the
y-axis to the left and the z-axis to the top. In addition, each sensor has its own
sensor coordinate system ℱS, characterized by its position, orientation and type
of sensor, for which this work follows the convention in [GLU12].

To improve readability, this work simplifies the definition of some reoccurring
transformations. For instance, the vehicle pose at timestamp 𝑖 in the world
coordinate system ℱR is denoted as T𝑖, while the delta of two vehicle poses inℱR from timestamp 𝑖 to 𝑗 is denoted as TΔ𝑖𝑗 . The pose of a mounted sensor𝑠 in the vehicle coordinate system, also referred to as the sensor’s extrinsics,
is denoted as TE𝑠 .
A set of poses {T1, T2, … , T𝑛}, which have a consecutive order in time and
represent a discrete sampling of a driven trajectory, are referred to as track
or drive 𝒯 .
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3.2 Camera Models

A camera model is a mathematical framework that describes the correspon-
dence of a 3D point in the real world to a 2D point on the image plane. It is
fully defined by either a forward model 𝒫F ∶ ℝ3 → ℝ2, which map a 3D point
to a 2D pixel on the image plane, or a backward model 𝒫B ∶ ℝ2 → ℝ3, which
maps a 2D pixel on the image plane to a viewing ray in 3D space.

In this work, two single viewpoint (SVP) camera models are primarily used, a
pinhole model and a spherical model, each with individual strengths in different
contexts. In general, SVP camera models are based on the assumption that all
rays of light pass through a single projection center. For non-SVP models or a
more comprehensive overview, the reader is referred to [SRG11, Bec21]. The
parameters required for the definition of a camera model are called its intrinsic
parameters. Both pinhole and spherical camera model are fully defined by three
intrinsic parameters: The focal length 𝑓 ∈ ℝ+, i.e. the distance between the
image plane and the focal plane, and the principal point u𝑐 = (𝑢𝑐 , 𝑣𝑐) ∈ ℝ2,
representing the image plane’s shift, orthogonal to the optical axis in pixels.

Pinhole camera model Next to its single projection center, the ideal pinhole
model assumes no lens distortions and a flat image plane. Due to its simplicity
and linear forward model, it is widely used in computer vision and robotics.
The closed-form forward model of an ideal pinhole model is given by

(𝑢𝑣) = (𝑓 𝑥𝑧 + 𝑢𝑐𝑓 𝑦𝑧 + 𝑣𝑐) , (3.4)

projecting a point p = (𝑥,𝑦,𝑧) to a pixel u = (𝑢, 𝑣) on the image plane. The
backward camera model returns a viewing ray p(𝜆) ∈ ℝ3 for a given pixel
u = (𝑢, 𝑣) on the image plane by

p(𝜆) = ⎛⎜⎜⎜⎝
𝑢 − 𝑢𝑐𝑣 − 𝑣𝑐𝑓

⎞⎟⎟⎟⎠
𝜆, (3.5)
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where 𝜆 ∈ ℝ+ is the distance of the point to the camera center.

Spherical cameramodel In contrast to the pinhole model, the sphere camera
model projects the scene onto a spherical surface. This makes it a more accurate
model for wide-angle cameras, as it is better suited tomodel the radial distortion
of lenses. In addition, it can represent sensors with a full 360° Field of view
(FOV), which enables the model to be used for surround-view sensors, while
a pinhole model is limited to strict FOV < 180°. Its forward model 𝒫F can be
divided into two calculation steps: First, the spherical coordinates, i.e., azimuth
angle 𝜙 and polar angle 𝜃, are obtained by

(𝜃𝜙) = ⎛⎜⎜⎝
arctan( √𝑥2+𝑦2𝑧 )

arctan( 𝑦𝑥 )
⎞⎟⎟⎠ (3.6)

to subsequently identify the pixel coordinates (𝑢, 𝑣) by

(𝑢𝑣) = (𝑢𝑐𝑣𝑐) + 𝑓 ( −𝜙𝜃 − 𝜋2 ) . (3.7)

After first determining the spherical coordinates

(𝜃𝜙) = 1𝑓 (𝑐 − 𝑢) + (0𝜋2 ) , (3.8)

the viewing ray p(𝜆) ∈ ℝ3 can be derived by applying the backward model

p(𝜆) = ⎛⎜⎜⎜⎝
sin(𝜃) cos(𝜙)
sin(𝜃) sin(𝜙)

cos(𝜃)
⎞⎟⎟⎟⎠

𝜆. (3.9)
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3.3 Evaluation Metrics

This section defines commonly used evaluation metrics that are directly or in-
directly applied in Chapter 7.

3.3.1 Chamfer Distance

The Chamfer Distance is a distance measure to quantify the similarity between
two sets of points. While an initial formulation as Chamfer Matching method
originates from [BTB77], intended to match segmented features in images, Fan
et al. [FSG17] have reformulated the Chamfer Distance as a loss function to
compare a set of predicted points with a corresponding ground truth. Given
two point sets 𝑆1, 𝑆2 ⊆ ℝ3, the Chamfer Distance is defined as

𝑑CD(𝑆1, 𝑆2) = ∑
p𝑖∈𝑆1

min
p𝑗 ∈𝑆2 ‖p𝑖 − p𝑗‖2 + ∑

p𝑗 ∈𝑆2
min
p𝑖∈𝑆1 ‖p𝑖 − p𝑗‖2. (3.10)

The algorithm sums the squared distances from each point in 𝑆1 to its nearest
neighbor in 𝑆2 and vice versa. It should be noted that the Chamfer Distance
is not a distance metric in the mathematical sense, as it does not satisfy the
triangle inequality.

3.3.2 Precision, Recall and Average Precision

The fraction of predictions which are correctly classified is referred to as pre-
cision PR and is calculated using the number of true positives 𝑁TP and false
positives 𝑁FP by

PR = 𝑁TP𝑁TP + 𝑁FP
. (3.11)
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Similarly, the recall RE represents the fraction of ground truth examples that
are correctly classified and is defined as follows

RE = 𝑁TP𝑁TP + 𝑁FN
, (3.12)

where 𝑁FN is the number of false negatives.

Usually, precision and recall exhibit an inverse relationship, i.e., increasing re-
call by including lower confident predictions reduces precision, while the op-
posite is true for solely including the most confident predictions. This trade-off
is illustrated in the precision-recall curve, which plots precision against recall
for different confidence thresholds. Since the quality of a prediction is charac-
terized by both high precision and recall, the average precision AP is a perfor-
mance indicator combining both measures by integrating the area under the
curve with

AP = ∫1
0 PRRE(RE) 𝑑RE, (3.13)

where PRR(RE) is the precision as a function of the recall.

3.3.3 Pixel-Wise Segmentation Tasks

Semantic Segmentation A commonly used measure for semantic segmen-
tation performance is the Intersection over Union (IoU) or Jaccard similarity
coefficient [EEG14]. Given a set of 𝐶 semantic classes, the per-class IoU for𝑐 ∈ 𝐶 is defined as

IoU𝑐 = 𝑁TP,𝑐𝑁TP,𝑐 + 𝑁FP,𝑐 + 𝑁FN,𝑐 , (3.14)
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where 𝑁TP,𝑐 , 𝑁FP,𝑐 and 𝑁FN,𝑐 are the number of true positives, false positives
and false negatives for class 𝑐, respectively. Subsequently, the mean Intersec-
tion over Union (mIoU) is then calculated by

mIoU = 1|𝐶| ∑𝑐∈𝐶 IoU𝑐 . (3.15)

Panoptic Segmentation For the unified task of semantic and instance seg-
mentation, Kirillov et al. [KHG19] define

PQ = ∑(𝑝,𝑔)∈TP IoU(𝑝,𝑔)|TP|⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
segmentation quality (SQ)

× |TP||TP| + 12 |FP| + 12 |FN|⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
recognition quality (RQ)

(3.16)

as the performancemetric Panoptic Quality (PQ) for each thing and stuff class 𝑐.
It is the product of segmentation quality and recognition quality, two intermedi-
ate scores representing the F1 score and the average IoU of marched segments,
respectively. While TP represents the matched pair of segments between pre-
diction 𝑝 and ground truth 𝑔, FN and FP are the pair of unmatched segments in
the ground truth and prediction, respectively. One characteristic of this metric
is that instances of arbitrary size still contribute equally to the score, making it
sensitive to false positives with a small instance area.
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4 A Multi-Drive Dataset for Learning
Perception from HD Maps

This chapter aims to create a multi-drive dataset that serves as a foundation for
learning diverse perception systems directly from HDmaps. Towards this goal,
key requirements are identified on the sensor setup, the recorded sequences, the
processing pipeline, and map diversity, which fall short in at least one dimen-
sion in existing public datasets. The following key requirements are derived:

Scalable mapping via multi-drive SLAM A robust and accurate multi-drive
SLAM framework enables the generation of training data at scale by
acquiring drives under varying environmental conditions.

High-resolution sensing for high precision and fine-grained map features To
not only perceive fine-grained map features, such as traffic lights and
dashed lines, but also learn them from maps, imposes the requirements
of high resolution sensors for the processing pipeline and reprojection.

Multi-sensor coverage for cross-modal domain adaptation and learning
Given accurate multi-sensor calibration, the dataset supports the learn-
ing of perception models across different sensor modalities including
cross-modal domain adaptation via HD maps.

Realistic, close-to-production sensor mounting By placing cameras behind the
windshield and below side mirrors, this dataset uses sensor mounting po-
sitions common in production vehicles. This introduces real-world chal-
lenges such as reflections, distortion, and occlusions.

Heterogeneous HD map layers To enable research on a wide variety of train-
ing tasks, the dataset includes map annotations across several semantic
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4 A Multi-Drive Dataset for Learning Perception from HD Maps

and geometric layers, ranging from planar road markings to elevated 3D
models of traffic elements and relational topological networks.

Although several public datasets provide HD maps, see Section 2.2, none meet
all above requirements simultaneously. Common sensor suite limitations range
from no raw sensor data at all to low-resolution sensors or idealized sensor
setups not reflecting close-to production setups. Further limitations include
single-drive mappings and incomplete or simplified map layers.

This work presents the complete process of creating a multi-drive dataset for
learning perception models from HD maps that meets all of the above crite-
ria. First, the sensor setup, calibration process, and sequence recording are dis-
cussed. Second, the sensor data processing is detailed. Finally, the generation
of the HD maps is covered in the next chapter.

4.1 Experimental Vehicle and Sensor Setup

For the recording, a Mercedes-Benz E class limousine, named BerthaOne, is
chosen as the experimental vehicle. It already served successfully in previous
research projects [ZBS14, TSP18], equipped with a comprehensive sensor suite
and processing unit. As the computing unit, a general-purpose computer with
an AMD EPYC 7702P 64-Core processor, 256 GB RAM and two NVIDIA
GPUs, a Titan V and a Titan X was integrated into the trunk of the vehicle.

The applicability of the presented approach is demonstrated across different
sensor modalities, i.e., LiDAR and camera. However, other sensor modalities
like GNSS, IMU and wheel odometry are also necessary in order to build an
accurate pose graph and post-processing of the sensor data. This section briefly
introduces sensors in general and, subsequently, the specific sensor character-
istics of the setup.
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4.1 Experimental Vehicle and Sensor Setup

Table 4.1: Specifications of the sensor setup. All four cameras mounted behind windshields are
BlackFly S [FLI20], equipped with a Meike fisheye lens [Mei17]. While the roof and
left side cameras are BlackFly PGE-50S5M/C [Tel17], the right side camera is a Flir
Flea3 GigE [FLI17], all of them paired with a Lensation Bm40 lens [Len20]. While𝑐 indicates RGB cameras and 𝑚 grayscale cameras, 𝑤 and ℎ denote image width and
height in pixel, 𝜃𝑤 the horizontal field of view in degree and 𝜃𝑟𝑒𝑠 the angular resolution.

surround-view vision roof sensors depth sensors
Cc

FV Cg
LV Cg

RV Cg
BV Cg

TFV Cg
TBV L128

AP Cg
SFV

channel 𝑐 𝑚 𝑚 𝑚 𝑐 𝑚 - 𝑚𝑤 [px] 4096 2448 1928 4096 2448 2448 1810 4096ℎ [px] 1536 1536 1448 1536 1360 1360 128 1536𝜃𝑤 [°] 130 101 101 130 120 120 360 130𝜃𝑟𝑒𝑠 [ px° ] 32 24 19 32 20 20 5 32

Camera and LiDAR setup A wide-angle color camera and a stereo camera
setup are mounted behind the front windshield, while a grayscale camera faces
the rear window. Denoted as Cc

FV, C
g
SFV, and Cg

BV, respectively, these four
cameras record a resolution of 4096 px × 1536 px with global shutter and a 130°
field of view. Two additional grayscale cameras, Cg

LV and Cg
RV, are mounted

beneath the left and right side mirror with solely their lenses exposed to the
outside of the vehicle. Finally, the roof is equipped with two cameras, Cg

TFV
and Cg

TBV, facing forward and backward.

The first four monocular cameras are considered as the default surround-view
setup as all cameras are installed in a close-to-production position. The ad-
ditional roof cameras serve as a reference and alternative mounting strategy
with an elevated less-occluded view. All camera types and specifications are
summarized in Table 4.1.

A Velodyne Alpha Prime L128
AP [Vel20] is mounted in the center of the roof,

featuring a 360° horizontal and a 40° vertical field of view. It continuously
spins at 10Hz and with 128 channels. Figure 4.1 shows a top-down view of
the research vehicle with the mounting positions of the cameras and Velodyne
Alpha Prime. As depicted in the top pictures, four additional Velodyne VLP-16
[Vel19] are mounted on the front and rear roof corners, yet are not further used
in this work due to the superiority of the Alpha Prime.
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Figure 4.1: Research Vehicle BerthaOne [TSP18] with corresponding sensor suite. The specifica-
tions of each sensor are further listed in Table 4.1.

(a) Frustum target. (b) Flat board targets. (c) Spherical target.

Figure 4.2: Calibration process of research vehicle BerthaOne, using three calibration targets with
different geometries and purpose. The frustum target and the flat board targets are used
to estimate both camera intrinsics and extrinsics. The spherical target is utilised for the
camera-to-lidar calibration.
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4.2 Sensor Calibration

GNSS, IMU and inertial-wheel odometry A Global Navigation Satellite
System (GNSS) sensor receives signals from multiple satellites and uses the
time difference to estimate its global position on the earth’s surface. The ac-
curacy may vary depending on many factors such as the number of satellites
in view, causing multipath effects caused by reflected signals and the system’s
inherent design. In contrast, an Inertial Measurement Unit (IMU) measures its
linear acceleration and the angular velocity using multiple accelerometers and
gyroscopes, typically aligned along three orthogonal axes. Many sensor data
fusion approaches exploit the complementary strengths of the GNSS global
positioning capabilities and the fine-granular relative motion estimation by an
IMU [CDP06, SKH16]. Alternatively, an inertial wheel odometry sensor mea-
suring a wheel’s rotation and steering angle can serve to estimate the vehicle’s
motion [HWS22].

For this dataset, a Ublox C94-M8P GNSS [U-B22] receiver is used for global
positioning, while a Xsens MTi-300 IMU [Mov22] mounted beneath the Al-
pha Prime on the roof and the wheel odometry are used jointly to estimate the
vehicle’s motion.

4.2 Sensor Calibration

In this section, the calibration process for the entire sensor setup, conducted
prior to the recording, is discussed. Its quality has a crucial impact on consecu-
tive computer vision tasks including object detection, pose estimation and map-
ping. Calibration of this setup is particularly challenging as the camera views
do only partially overlap. In addition, three cameras are behind the windshield
and one behind the rear window. It can be divided into three distinctive steps:
First, the intrinsics of each camera and their extrinsics towards one particular
camera, serving as temporary origin, are estimated. Second, the extrinsics of
the LiDAR sensor towards the cameras are calculated. Lastly, the transforma-
tion from the sensor setup to the vehicle’s rear axle is determined.

All camera and LiDAR sensors are synchronized by an external trigger signal
while the cameras are activated at the same point in time as the LiDAR scanner
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is directed forward. This ensures that sensor data from different sensors can
be associated with a certain timestamp and a discrete vehicle pose. While the
GPS and wheel odometry cannot be synchronized this way, they provide a high
frequency stream of data with up to 100Hz. After the calibration process is
complete, an initial drive is conducted to review the data and adapt the sensor’s
meta parameters for the recording. For instance, this includes exposure time,
gain factor, ROI, color depth, and image format for each camera.

Camera calibration For calibration of intrinsic and extrinsic parameters of
a camera rig, this work follows Strauß et al. [SZB14] who employ a rigid 3D
pyramidal calibration target with unique identification codes in every edge for
global association of detected corners, see Figure 4.2a. A recording sequence
where the frustum target is moved in front of each camera is complemented by
a driven sequence of the vehicle in which a static arrangement of flat board tar-
gets in slightly different orientations are simultaneously recorded by multiple
cameras, see Figure 4.2b. A full bundle adjustment and optimization follows in
which poses of each target and parameter of each camera are jointly estimated
by minimizing the reprojection error of all observed corners 𝑁𝑘 in the full cal-
ibration sequence using a projection function 𝒫F. Let 𝑗 be the camera which
observes the 𝑖-th corner at coordinate u𝑖, the sum of reprojection errors

𝐸 = 𝑁𝑘∑𝑖=1 ‖𝒫F(I𝑗 , p𝑖) − u𝑖‖2 (7)

is minimized, with I𝑗 the estimated intrinsics of camera 𝑗, p𝑖 the position of
the 𝑖-th observed corner in the coordinate system of the respective camera w.r.t.
estimated target poses and extrinsics. A tailored B-spline camera model [BS18,
Bec21] is integrated in the calibration process to mitigate the effects of lens
distortion by the windshield and fisheye lens. For each camera, both a pinhole
and spherical camera model is derived as they offer unique advantages: while
the spherical camera model offers a more accurate representation of the fisheye
lens, the pinhole camera model is the default model in multiple frameworks,
especially for vision-based BEV perception [CCW22, ZK22, LCW22].
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Lidar-to-camera and sensor-to-rear-axle calibration While the previous
approach estimated the relative camera poses towards a reference camera, the
next steps are to estimate the pose of the LiDAR towards the reference camera
and finally, find the transformation between sensor setup and the vehicle coor-
dinate system ℱV, as defined in Section 3.1. In order to achieve the LiDAR-
to-camera calibration, this work follows [KKL18, Küm20] by applying a white
spherical target, depicted in Figure 4.2c. The spherical target can be observed
by both the LiDAR and camera sensors, where its edges can be detected with
sub-pixel accuracy. As recommended by [KK20], a black cardboard is inte-
grated to the target mount and placed behind the sphere to increase the contrast
for edge detection in camera images. For the sensor-to-rear-axle calibration,
[KWL19] extends the LiDAR-to-camera calibration approach of [KKL18] by
adding additional external cameras to the scene, which observe the spherical
calibration target and the rear wheel centers of the vehicle. By including the
external cameras in the bundle adjustment optimization, the pose of the rear
wheel towards the sensor rig can be estimated.

Online calibration While offline calibration can result in a high accuracy, it
often requires a controlled environment, specific targets or conditions. Since
calibration parameters change over time due to mechanical wear, vibrations or
temperature variations, an online calibration approach can continuously mon-
itor and adjust the calibration parameter during operation of a vehicle. Hu et
al. propose TEScalib [HHB22]†, a targetless online calibration approach for
the extrinsics of a stereo camera and a LiDAR sensor. It is a co-calibration
approach which iteratively alternates between optimizing the extrinsics of the
stereo camera itself and between stereo camera and LiDAR sensor using surface
normal information and photometric objective functions. The approach is not
further applied in this work, since the recordings were conducted in a short time
frame for which the precise initial offline calibration results were sufficient.
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4.3 Data Collection and Sequence Recording

As introduced in [BHS23]∗, the dataset was recorded in Karlsruhe and Sin-
delfingen, Germany, containing eight unique sequences. This work focuses on
a subset of five sequences in Karlsruhe all of which contain four drives each.
All sequences form a loop in order to allow for loop closure in the mapping pro-
cess and cover a wide range of traffic scenarios, as shown in Figure 4.3. These
include single-lane and multi-lane roads in urban environments, often featuring
bicycle lanes, pedestrian crossings, and intersections. In addition, the dataset
contains roads situated on the outskirts, similar to highways.

After obtaining the multi-drive pose graph in Section 4.4.4, the initial drives are
filtered to remove highly redundant frames permanently from the dataset. This
allows for a consequent division between single- and multi-drive experiments
and is conducted following two strategies: First, the drives are cut after the loop
closure so that each drive only contains one stream of data of a unique scene.
Second, the trajectory is filtered to keep a minimum distance 𝜏dist between two
consecutive poses since the same scenery is occasionally captured by a vast
number of frames due to traffic jams, stop lines, and red lights. The resulting
dataset contains 22 km of unique road, 62 km of driven trajectory and a total of
65 000 frames, for which Table A.1 provides an overview.

Figure 4.3: Spatial distribution of the sequences in Karlsruhe, Germany. Imagery: [Esr23].

∗ To which the author contributed as first author.
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4.4 Preprocessing of Sensor Data

For multiple steps in the map generation pipeline, the recorded sensor data
needs to be preprocessed. This section summarizes some preprocessing steps,
applied to the data base. A prerequisite of the following is the calibration and
synchronization of the sensors as described in Section 4.1 and Section 4.2.

4.4.1 Stereo Vision

The goal of stereo vision is to estimate the 3D position of each pixel from two
simultaneously captured images of the same scene. By identifying correspond-
ing pixels in both images and their displacement, a disparity map is derived.
A combination of the disparity map, the known relative poses of the cameras
and the camera intrinsics yield a depth image of the scene. Typically, local
stereo matching algorithms conduct a block-wise comparison and are prone to
ambiguity caused by non-distinctive texture of surfaces. Before pixel pairs are
matched, a rectification step [FTV00] is applied to project the stereo images
into one common image plane. This transformation aligns the epipolar lines
and reduces the search space for the disparity to a one-dimensional line.

Figure 4.4: Stereo vision results on Cg
SFV. Compared to stereo vision results based on public

datasets such as KITTI [GLU12], the presented setup is more challenging for disparity
estimation, showcased in the right upper image with an open source solution [Bra00].
The mounting position behind the windshield causes reflections and distortions, and
results in a shallow camera angle towards the road surface. However, even in this chal-
lenging scenario, [RS14] is capable of robustly estimating a dense disparity map of the
road surface, as depicted in the lower images.
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In this work, it is of particular interest when it comes to reconstructing the drive-
able road surface in 3D and, hence, to robustly estimate a dense disparity map
of the road. As the road surface is viewed at a shallow angle and has very little
distinctive texture, except for a few isolated road markings, conventional local
stereomatching algorithmsmight fail to robustly produce a dense disparitymap.
In order to robustly estimate disparities in this challenging scenario, a real-time
capable stereo matching algorithmmodelling arbitrarily oriented slanted planes
is employed [RD12, RS14]. It differs from other approaches [EE14, EE15] by
not predefining the orientation of plane models. As depicted in Figure 4.4, the
algorithm is able to robustly estimate the disparity of the road surface for the
presented setup of stereo camera Cg

SFV.

4.4.2 Semantic and Instance Segmentation

For multiple processing steps, a semantic or instance segmentation of camera
images is required. The performance of state-of-the-art DNNs depends on the
model architecture, training regime and the underlying dataset. In this work,
the models are employed on a custom and challenging sensor setup, impos-
ing requirements to robustness and generalization capabilities. With the recent
advances in model architecture and training techniques, a wide range of mod-
els exists which yield competitive yet similar performances, making the choice
of the right dataset crucial for custom applications. Unlike many autonomous

Figure 4.5: Semantic segmentation results using a Mask2former [CMS22] architecture trained on
the Mapillary Vistas 2.0 dataset [KL21].
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driving datasets, recorded using a single camera or a fleet with similar cam-
era setups [COR16, CBL20, LXG23], the Mapillary Vistas dataset [NOB17]
contains images captured by a wide range of camera setups, including differ-
ent mounting positions, focal lengths and resolutions. Initially, distinguishing
66 categories, its upgrade [KL21] introduced a more refined taxonomy of 124
semantic categories with 70 instance-aware annotated.

A direct comparison with models trained on Cityscapes [COR16] confirmed
Mapillary Vistas superiority and its suitability for this work. Regarding the
model architecture, Mask2former [CMS22] was employed for most tasks due
to its excellent general segmentation performance, see Figure 4.5, while Seam-
seg [PBC19] yields better results for small infrastructure objects making it par-
ticularly suitable for the automatic semantic mapping pipeline in Section 5.6.

4.4.3 LiDAR Preprocessing

A LiDAR point cloud is stored as a set of 3D points. For further processing
steps, the LiDAR point cloud is compensated for motion artifacts and a spher-
ical range image projection is applied.

Motion compensation The Velodyne Alpha Prime suffers from a rolling
shutter effect as it is constantly spinning on a moving platform while taking
depth measurements. It causes the point cloud to be distorted and cannot
be trivially referenced to a single pose. This effect can be compensated for
static objects by desweking the points linearly and considering the sensor’s
motion. By incorporating its relative pose TE𝑙 in the vehicle coordinate systemℱV, its traveled trajectory

𝒯 l = {Tl1, Tl2, … , Tl𝑛} with Tl𝑖 = TE𝑙 T𝑖
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Figure 4.6: Illustration of motion compensation of LiDAR point cloud. All points measured in
range [𝑡𝑛−0.5𝜏 , 𝑡𝑛+0.5𝜏 ] with 𝜏 being 0.1 second are associated with the pose at time 𝑡𝑛
and compensated for the motion of the sensor. In the illustration, the points recorded
at time 𝑡𝑛−𝜖2 and 𝑡𝑛+𝜖3 with 𝜖2, 𝜖3 < 𝜏 are associated to 𝑡𝑛. While their uncompensated
point positions of the blue and yellow sign are depicted in blue and yellow, respectively,
the corresponding compensated points are colored gray.

can be derived from the ego trajectory. Next, the position of each point can
be compensated for the motion between the respective time of the point mea-
surement and the point clouds timestamp by interpolating between poses and
applying a constant velocity model. Figure 4.6 illustrates the motion compen-
sation of a LiDAR point cloud. While this work uses the pose graph obtained
in Section 4.4.4, a prominent framework for LiDAR odometry estimation and
motion compensation is KISS-ICP [VGM23].

Spherical camera model for range image projection Depending on the ap-
plication, a LiDAR point cloud can also be represented as a 2D grid, usually
referred to a range image where each pixel contains the distance and intensity of
a point. This ℝ3 → ℝ2 projection of points to pixels is commonly achieved by a
bijective geometric mapping strategy allowing to back-project the range image
or information associated with the pixels into a 3D point cloud. In its simplest
form, the projection incorporates the sensor’s ray geometry, efficiently stor-
ing each vertically-stacked laser channels in a dedicated row and each different
rotation position in a column. However, this representation does not account
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for the strong inequality of the distribution of vertical channels and is prone to
positional changes of LiDAR points due to motion compensation. In order to
mitigate these limitations and achieve a more geometrically consistent scene
representation, a spherical projection, similar to [MVB19], is applied to map
LiDAR points onto a grid.

In this work, the basic spherical camera model, introduced in Section 3.2,
is extended by incorporating independent horizontal and vertical resolutions,
aligned with the respective minimum angular resolutions of the LiDAR sensor
and realized by the focal lengths 𝑓u and 𝑓v, respectively. After integrating the
different focal lengths, Equation (3.6) and Equation (3.7) can be rearranged
to yield the projection of a LiDAR point (𝑥, 𝑦, 𝑧) onto a pixel (𝑢, 𝑣) on a
spherical image with

(𝑢𝑣) = (𝑢𝑐𝑣𝑐) + ⎛⎜⎜⎝
− arctan( 𝑦𝑥 ) ⋅ 𝑓u

arctan( √𝑥2+𝑦2𝑧 ) ⋅ 𝑓v − 𝜋2 ⋅ 𝑓v

⎞⎟⎟⎠ , (4.1)

where 𝑢𝑐 and 𝑣𝑐 are the center pixel coordinates of the spherical projection.

In this case, multiple LiDAR points are projected onto the same pixel and the
point with the smallest distance to the LiDAR sensor is selected and stored in
the range image. The consequent information loss and the grid discretization of
the spherical projection impede the artifact-free back-projection of the spheri-
cal range image into the 3D point cloud and can be mitigated by adjusting the
angular resolutions depending on the application.
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Figure 4.7: Spherical range image projection separating intensity and range layers. It depicts the
front 180° of two scenes with intensity layer (top) and range layer (bottom) for each
scene. The back-view is omitted for better visualization.

The spherical projection cannot only be used for processing LiDARpoint clouds
in a structured representation but also to fuse LiDAR and camera information
by projecting LiDAR depth or intensity into the camera image. Lifting 2D
vision-based detections with LiDAR depth information is a key component in
different parts of this work like the parametric semantic mapping in Section 5.6
or the baseline approach for cross-modal domain adaptation in Section 7.1.1.
Furthermore, the 2D spherical projected range images are used as 2D input for
deep learning models in Section 7.1.2.

40



4.4 Preprocessing of Sensor Data

An example of the spherical range image projection is shown in Figure 4.7,
separating intensity layer, and range layer and omitting back-view for illustra-
tion purposes.

4.4.4 Visual Multi-Drive SLAM

The SLAM system used in this work is required to meet several key criteria
outlined at the beginning of this chapter, including general accuracy, robustness
towards varying environment conditions such as illumination changes, and the
support for multi-drive mapping. To support multi-drive mapping, the system
must be capable of re-localizing an arbitrary drive to the localization layer of
a reference drive. Computing an independent SLAM for each individual drive
is not sufficient, as semantic map layers annotated relative to the pose graph of
the reference drive would not be aligned on a centimeter or sub-centimeter scale
with the independently mapped pose graph of other drives. Moreover, when the
system is intended to be used over a longer period of time or under frequently
changing environment conditions, it becomes essential to employ a robust de-
scriptor and incorporate a map update mechanism for life-long mapping, which
ensures that the map adapts to changes while keeping its complexity constant.

In order to fulfil these requirements, a comprehensive visual feature-
based SLAM framework is employed, initially proposed by Lategahn and
Stiller [LS14] and further extended by Sons et al. [SLK15, SLK17, SS18]. It

Figure 4.8: Feature point matching of DIRD features [LBS14] between left and right image of the
stereo camera Cg

SFV. Non-maxima suppression is applied in a region of 6×6 pixels.
For illustration purposes, solely every 20𝑡ℎ feature point is shown.
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consists of two main components: First, a localization layer using a coarse
feature-based place recognition approach, and second, a precise pose esti-
mation module based on feature correspondences. Lategahn et al. [LBK13]
presented a system to identify and learn illumination robust image features.
The resulting Haar feature-based descriptor, denoted DIRD is an Illumination
Robust Descriptor (DIRD) and further optimized regarding computational
effort in [LBS14], is employed in the SLAM framework [LS14]. Later exten-
sions of the framework incorporate surround view [SLK17] and an efficient
multi-drive support with map optimization [SLK15, SS18].

Qualitative results of the DIRD-based feature matching are shown in Figure 4.8
for two stereo image pairs of the dataset. A further qualitative evaluation of the
multi-drive mapping performance is provided in Section 5.7 by the backprojec-
tion of map elements in three different drives. While the backprojection reveals
a centimeter-accurate localization of different drives in most scenarios, it also
shows that the localization quality suffers in some rare scenarios such as high
turning rates in crossings.

4.4.5 Multi-Modal, Continuous-Time Trajectory SLAM

For most scenarios, the visual SLAM framework described above provides a
highly accurate and consistent pose graph serving as the foundation for most
of this work. However, in rare occasions, such as the turning maneuver shown
in Figure A.3, the visual SLAM drifts for a short period of time, which is par-
ticularly detrimental for the XD-Map pipeline, presented in Section 7.1. It re-
quires a particularly precise pose graph as the automatic semantic mapping of
tailored landmarks is prone to very small pose errors which are propagated in
the cross-modal domain adaptation process. Therefore, a continuous-time tra-
jectory SLAM framework, proposed by Hu [Hu26], is used for the XD-Map
pipeline. It utilizes features from camera and LiDAR data and can integrate
measurements with varying frequencies to estimate trajectories based on uni-
form B-splines [HBL20]. While this approach offers a higher accuracy and
robustness, its current implementation does not support lifelong mapping.

42



4.5 Conclusion

4.5 Conclusion

This chapter outlines the complete process of creating a multi-drive dataset for
learning perception models fromHDmaps. It provides a detailed description of
the sensor setup, the calibration process, the data recording, the preprocessing,
and the multi-drive SLAM. In order to meet the dataset requirements, a compre-
hensive sensor suite, comprising high-resolution camera and LiDAR sensors,
was installed in a close-to-production configuration and carefully calibrated to
ensure accurate extrinsic and intrinsic parameters. A SLAM framework ca-
pable of mapping multi-drive sequences by incorporating surround-view vi-
sion was employed and, for specific applications, partially replaced by a multi-
modal, continuous-time trajectory SLAM.

The interdependence between sensor resolution, calibration accuracy, SLAM
quality, and HD map fidelity is evaluated in the next chapter by assessing the
precision of back-projected map elements into the camera images across dif-
ferent drives.
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In order to satisfy requirements set by this work, three complementary HDmap-
ping pipelines were applied to the dataset. The first pipeline is a manual anno-
tation of dense 2D road surface features in bird’s eye view. A surface recon-
struction and texturing approach is developed to serve twofold: The textured
surface serves as a context basis for annotating road surface features relative
to the driven trajectory and it provides a high-quality 3D reconstruction of the
road surface to lift 2D annotations into 3D space. By making use of the sur-
face reconstruction and texturing, the semi-automatic second pipeline infers
a lane-level road network from structured cues such as road borders and lane
directions. A framework which incorporates the StVO rule set and translates
low-level annotations into relational and topological map elements is applied
and yields a rich planning-level HD map layer. The third pipeline is a fully au-
tomatic mapping of semantically tailored landmarks. It makes use of semantic
instance detections and geometric priors to estimate parametric 3D models of
traffic signs, poles, and traffic lights.

The resulting map layers differ essentially in their geometric representation,
abstraction level and functional role. Ranging from large surface features like
solid line markings to higher-level features such as lane centerlines and fine-
grained cylindrical traffic lights, the included map elements offer a compre-
hensive set of training targets for learning perception models from HD maps.

In this chapter, the process of HD map annotation and generation is discussed
along with the definition of map elements, training samples, and training in-
stances.
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5.1 Map Elements, Training Samples and
Training Instances

This section depicts recurring terms throughout this work and their relation-
ships in the context of HD map information in different stages. Map elements
are the fundamental entities of an HDmap, defined by geometric, semantic, and
relational properties. They can represent a wide range of information and their
heterogeneity reflects their utility across different autonomous driving tasks.
A training sample refers to a pair of input sensor data and their corresponding
ground truth, associated with a unique timestamp and an ego-vehicle pose in an
HDmap. A training sample has a certain learning representation and projection
space and typically comprises multiple training instances. A training instance
is usually derived from one map element and represents its information or at
least a subset of it. This may correspond to only a subset of the map element’s
information because the training sample geographically bounded, the map el-
ement is occluded, or the training task simplifies the information of the map
element, e.g., by reducing its geometric complexity to a bounding box. In rare
cases, a training instance can also be derived from multiple map elements, e.g.,
if information of multiple map elements is required to infer an instance or if a
simplification of the task definition condenses multiple map elements into one
training instance. An example of the latter would be dashed lines which over-
lap in the image plane and are represented by one polygon in case of semantic
segmentation.

Characteristics of map elements Elements in HD maps are quite heteroge-
neous and can be categorized along multiple dimensions. The following tax-
onomy outlines some principal aspects that determine their structure and utility
in autonomous driving applications:

Functional role HD map information can be used for diverse tasks in an au-
tonomous driving stack including localization, navigation or planning
tasks. This characteristic describes which tasks benefit from the infor-
mation an element provides.
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Level of abstraction It can range from physical features, like a geometric cylin-
der representing a traffic light, to the influence it has on its surrounding
environment. A good example is given in [PPJ18] by defining three layers
of abstraction for the Lanelet2 framework: The physical, the relational,
and the topological layer.

Geometric richness A map element can be represented by different levels of
detail, ranging from a simple point over polygon to complex parametric
3D models.

Confineness While confined map elements impose strict spatial constraints,
e.g., dashed lines or traffic signs, others like road topology or road bound-
aries do not possess similar restricted spatial boundaries. Their conti-
nuity and geometry have implications for the representation in training
samples, which usually bounds them to a certain local map.

Characteristics of training samples from maps With a focus on the repro-
jected training data rather than the input data, this section distinguishes between
two types of characteristics. First, it starts with aspects that define the ground
truth representation itself:

Learning representation It depends on the machine learning task for which the
training data is generated and defines which semantic and geometric in-
formation is encoded. Prominent examples are 2D bounding box detec-
tion, panoptic segmentation or vectorized map construction.

Projection space It specifies the coordinate frame in which ground truth is pro-
jected. Commonly, it is connected to the projection space of the input
data, e.g., perspective view of camera. Alternatively, the two spaces can
be decoupled and the machine learning model performs a mapping be-
tween the two spaces, e.g., vectorized map construction from camera im-
ages in bird’s eye view.

Range and resolution The range and resolution of the training data define the
spatial extent and granularity of the training samples.
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The second set of type characteristics describe the quality of the reprojection
framework regarding consistent and meaningful training data generation.

Independence of annotation artifacts Manual and automatic mapping can
yield diverse annotations of the same real-world elements, differing
in polyline point placement, breaks between polylines, and also lane-
to-lanelets division. To ensure consistency, these variations should be
normalized and ideally be resolved to an unambiguous instance label
representation in the training data.

Perceptability handling Mechanisms preventing the projection of training in-
stances which are not perceptual in the sensor data or implicitly inferable
increase the data quality. This includes handling of static or dynamic
occlusions, map verification or field of view constraints.

Backprojection precision It is dependent on multiple factors of the annotation
pipeline, e.g., dimensionality of the ego pose, 2D or 3D map elements
and calibration quality.

In [IFB25b]†, some of the above characteristics are discussed as requirements
for a meaningful data generation framework for map perception. This list can
be seen as an extension adding more view-points. Guided by these principles,
Immel et al. [IFB25b]† also released a new softwaremodulewithin the Lanelet2
framework, further denoted LL2MLconv, resulting in the first unified HD map
framework for map-based driving and map perception tasks.

5.2 Scene Context for HD Mapping

There are different sources of information and data representations which pro-
vide the scene context in order to build meaningful maps. This holds true for
human annotation as well as for automated mapping approaches. Sources for
scene context range from aerial imagery to on-board sensor data and respective
scene reconstruction approaches. While aerial imagery provides a high-level
overview with little occlusions and geospatial correctness, they sometimes lack
the resolution and detail which can be obtained from on-board sensor data. A
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crucial drawback of relying solely on aerial imagery is that it imposes the need
of a high precision geo-referencing between imagery and vehicle localization,
which is challenging to obtain in satisfying quality. In contrast, approaches
which provide scene context based on on-board sensor data are dependent on
sensor calibration and localization quality. However, they not only provide a
high level of detail, but also allow to locally adjust aerial imagery.

In this work both aerial imagery and a ground surface reconstruction based on
LiDAR and camera data are employed simultaneously. While the ground sur-
face reconstruction provides a fine-grained resolution of 2 cm within a radius
of 5m around the driven trajectory, the aerial imagery serves as a source for the
wider context essential for distant opposite lanes or huge intersections. It is pro-
vided by ©Stadt Karlsruhe | Liegenschaftsamt and Esri World Imagery [Esr23].
The former offers a higher resolution, yet, it is limited to the city of Karl-
sruhe. For alignment of aerial imagery and road surface reconstruction, the
tile-based surface reconstruction results, obtained in 5.3, are converted into a
geo-referenced tile map pyramid, consisting of a tile hierarchy of different zoom
levels. This structure, defined by Open Source Geospatial Foundation (OSGeo)
[Ope] as Tile Map Service (TMS), allows to access the stored tile information
on different zoom levels alongside other geospatial data via applications such
as Java OpenStreetMap Editor (JOSM) [JOSM].

5.3 Tile-Based Reconstruction of Road Surfaces

This section covers the surface reconstruction approaches used in this work and
an outlook on a successive publication. The presented approach aims to recon-
struct and texture the road surface in a tile-based manner. It builds on a frame-
work for stereo-based ground surface mapping by Poggenhans et al. [PSS15]
and a LiDAR-based ground surface modeling by Hu [Hu26].

Tiles are assigned to key frames selected to have a distance of 30m to each other.
By dividing the environment into independently processed tiles of 30m×30m,
the reconstruction process can be scaled to areas of arbitrary size. The recon-
struction achieves a resolution of 2 cm×2 cm with a consistent cell coverage
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which is significantly finer than typical aerial imagery. This enables the precise
annotation of small-scale road features with centimeter-level local accuracy.

In the initial stereo-based ground surface mapping, the freespace and drivable
regions are segmented in the stereo disparity maps using [PF10]. Subsequently,
all pixels classified as drivable regions are projected onto a Cartesian grid in top
view representation. Next, the vehicle motion is used to aggregate the projected
pixels associated to one key frame and tile. In case of multiple pixels projected
onto the same grid cell, the pixel with the largest disparity to account for the
quadratic increase of stereo vision error with distance and the corresponding
confidence. The photometric and height information of each cell’s pivot pixel
are stored in two separate grid layers. For the purpose of this approach, stereo
disparity maps are computed as described in Section 4.4.1 and the pose graph
obtained in Section 4.4.4 is employed for the vehicle motion.

Aiming to improve the accuracy, the initial approach was extended by in-
corporating LiDAR measurements to benefit from the geometric accuracy of
their depth measurements. In a first attempt, the 3D stereo points were simply
exchanged by LiDAR points and, towards this goal, a more advanced recursive
fusion approach of LiDAR measurements in grid maps was developed within
[Fen22], a master thesis supervised by the author. However, LiDAR-only
approaches, although aggregated over time, yield significantly sparser point
clouds and thus fail to consistently cover the grid cells in the desired resolution.
Also, the LiDAR-only results lack the textural richness of the stereo-based ap-
proach. To address these limitations, a novel LiDAR-camera fusion approach
was developed, leveraging the strengths of both modalities. This approach
aims to combine the geometric accuracy of a LiDAR-based ground plane
model with the rich texture information provided by camera images.

Fusion of monocular camera and LiDAR-based ground plane model In
order to lift 2D image pixels to a 3D point cloud representing the ground surface,
the viewing ray of each image pixel is intersected with the B-Spline planemodel
of the ground.
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From the backward camera models in Section 3.2, a viewing ray

p(𝜆) = ⎛⎜⎜⎜⎝
𝑟𝑥𝑟𝑦𝑟𝑧

⎞⎟⎟⎟⎠
𝜆 + ⎛⎜⎜⎜⎝

𝑐𝑥𝑐𝑦𝑐𝑧

⎞⎟⎟⎟⎠
(5.1)

can be derived for each image pixel (𝑢, 𝑣), defined by a support point (𝑐𝑥, 𝑐𝑦, 𝑐𝑧),
a ray direction (𝑟𝑥, 𝑟𝑦, 𝑟𝑧) and a scalar parameter 𝜆, representing the position of
the 3D point (𝑥𝜆, 𝑦𝜆, 𝑧𝜆) along the viewing ray. The application of a semantic
mask, as inferred in 4.4.2 to filter the image, is recommended to exclude pixels
that belong to a dynamic class or even all non-ground pixels.

To obtain a semi-global B-Spline plane modelling the ground surface from ag-
gregated LiDAR points, this work applies a two-stage approach proposed by
[Hu26]: First, a ground plane is estimated for each single-shot LiDAR scan
in order to identify and remove non-ground points. This is achieved by fol-
lowing the approach of Wirges et al. [WRB21]†. Here, ground planes are es-
timated based on range measurements of single LiDAR scans and represented
by splines, utilizing the uniform B-splines framework by Beck [Bec21]. Its for-
mulation imposes smoothness constraints on B-splines to restrain overfitting,
in particular in areas with sparse detections. A penalization term on the sec-
ond spline derivate leads to a constant incline extrapolation in areas with no
detections. Points with a distance larger than a certain threshold to the esti-
mated ground plane, set to 20 cm within this work, are considered non-ground
and removed for further processing. In the second stage, solely ground points
are processed and aggregated for batches of 300 LiDAR scans to estimate a re-
fined, semi-global continuous B-Spline ground plane. This step is repeated each
300 timestamps, yielding multiple semi-global ground surface models. The B-
Spline model can be defined as a function that maps the Cartesian coordinates(𝑥, 𝑦) to a corresponding surface height 𝑧bs = Gbs(𝑥, 𝑦).
Given the B-Spline plane model and the viewing ray of each image pixel, the
optimal depth parameter ̂𝜆 minimizing the distance between ground surface
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model and viewing ray can be iteratively estimated by solving

̂𝜆 = argmin𝜆 ‖Gbs(𝑥𝜆, 𝑦𝜆) − 𝑧𝜆‖2 (5.2)

for the viewing ray of each pixel. A solution p( ̂𝜆) is considered valid if the
respective distance is below a certain threshold, set to 10 cm for this work.

Similar to the stereo-based approach, the lifted 3D points are aggregated into
a tile-based point cloud representation. After lifting the camera pixels to 3D
points, the further processing is equivalent to the stereo-based approach.

Results and discussion In the upcoming chapters, both stereo-based and
fusion-based approaches are applied and evaluated. Qualitative results are
shown in Figure 5.1 for texturing and Figure 5.2 for height estimation. While
the left column depicts stereo-based results, both the middle and right columns
show fusion-based results with different support point spacing, being 0.5m
and 0.2m, respectively.

In general, the fusion-based approach yields a more consistent and continuous
ground surface reconstruction. The approach with 0.2m spacing is discarded
in the following chapters in favor of 0.5m spacing, as smaller support point
spacing leads to a less smooth ground surface model and, hence, fulfill the
minimum distance requirement set for the results of equation (5.2) less reli-
ably. This yields a slightly sparser ground surface reconstruction. A further
difference between stereo-based and fusion-based results are the wider mapped
spatial areas. This is not a strict limitation of the stereo-approach, but a design
parameter choice as the depth estimation based on the stereo-setup behind the
windshield gets less reliable at the sides with an increasing viewing angle.
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Figure 5.1: Visual comparison of road surface texture across different reconstruction pipelines.
Each row represents an individual scene, with the left column displaying results from
the stereo-based approach, and the middle and right columns showcasing fusion-based
approaches with support point spacing of 0.5m and 0.2m, respectively.
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Figure 5.2: Visual comparison of road surface height across different reconstruction pipelines:
Each row represents an individual scene, with the left column displaying results from
the stereo-based approach, and the middle and right columns showcasing fusion-based
approaches with support point spacings of 0.5m and 0.2m, respectively. Red areas in-
dicate higher elevations, while blue areas indicate lower elevations or no measurement
data.
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From ground surface to scene reconstruction In a successive work, Hu et
al. [HYW23]† propose a large-scale 3D reconstruction, texturing and seman-
tic mapping pipeline based on LiDAR and camera data. They model surfaces
implicitly using an Adaptive Truncated Signed Distance Function to handle
varying point densities. The subsequently extracted mesh is then textured and
semantically annotated. In contrast to the previously described method, this
approach is not limited to the ground surface but aims to reconstruct the entire
scene. Results are depicted in Figure 5.3. Notably, these results are based on the
dataset presented in Chapter 4 and a semantic segmentation model developed
in Chapter 7. The following chapters are based on the surface reconstruction
outlined in the prior paragraph, yet, it could be exchanged in future works by
this more advanced approach.

(a) 3D reconstruction. (b) Texturing. (c) Semantic mapping.

Figure 5.3: Application of the dataset presented in Chapter 4 in the context of 3D reconstruction,
texturing and semantic mapping by Hu et al. [HYW23]†. It is also the first application
of a model developed within this thesis and presented in Chapter 7, in particular for
detection of road features.

5.4 Manual Mapping of Geometrically Lifted
Dense Road Surface Features

The dense road surface map is annotated manually based on the reconstructed
road surface texture and aerial imagery. In a post-processing step, the 2D map
annotations are lifted to 3D map elements using the height information of the
road surface reconstruction.

Regarding the surface annotation, the main goal is a clear distinction between
drivable, i.e., roadway, and non-drivable areas. The latter is further divided
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into sidewalks, intended for pedestrians and cyclists, and terrain. On top of the
dense surface annotation, three different types of road markings are annotated:
dashed lines, solid lines, and other markings. While dashed lines and solid
lines primarily represent lane dividers, other markings comprise markings with
various meanings, such as arrows or stop lines, each of which is crucial for
understanding the road network. This simplification is done to mitigate limi-
tations due to annotation complexity and dataset scaling in the course of this
work. A detailed definition of the semantic surface classes and their annotation
hierarchy is given in Table A.3.

Figure 5.4: Annotation process of dense road surface features. Left: overlay of reconstructed road
surface and aerial imagery, middle shows the annotated road surface features and right
shows the same features in a zoomed-in view. The color coding is explained in Ta-
ble A.3. Imagery: ©Stadt Karlsruhe | Liegenschaftsamt.

All three surface layers, road, sidewalk, and terrain, share the same borders.
This prevents the need for a strict label hierarchy since areas do not overlap.
While preventing holes in the map, it requires a complete assignment of sur-
faces in the region of interest to either one of the three classes resulting in one
class to also cover not previously defined areas. The unlabeled area class is
automatically assigned to the outskirts of the region of interest. By design,
this annotation scheme not only allows to extract area labels but also explicitly
defines the border between different surfaces such as road and terrain or road
and sidewalk. This is further explored in the student thesis [Sch21], which not
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only extracts the boundaries of surface areas but also derives the middle line
of road features in order to train a generic line segment detector network called
Yolino [MSP21].

Figure 5.5: GT representations for learning a BEV perception [BHS23]∗from the dense road sur-
face annotations. Two example scenes are shown in the top-view perspective. Left:
semantic segmentation, right: line segment detection with Yolino [MSP21, Sch21].

Derived from the dense surface annotation, two exemplary learning represen-
tations in BEV space are shown in Figure 5.5: A semantic segmentation using
all six classes and the line segment detection representation of Yolino for road
boundaries and estimated centerlines of road features.

5.5 Semi-Automatic Mapping of Lane-Level
Planning Maps

A goal of this work is to create a consistent and well-defined map base for train-
ing state-of-the-art vectorized map construction models [LWW22, LYW23,
LCW22], which include classes like road borders, lane divider types, and cen-
terlines. For this purpose, the semi-automatic mapping framework of [Pog19]
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is employed, yet slightly adapted and simplified to focus solely on the lane net-
work and topology, instead of including traffic rules and associations of traffic
signs or lights to lanelets.

Road

Roadway Special-use path No-go zonesRoad Shoulders

Special lane Walkway Cycle pathRegular lane

Figure 5.6: Road outline definition. Schematic overview of the road layout, similar yet simplified
as defined in the German road traffic regulations [Bun13].

In [Pog19], Poggenhans presented a semi-automatic mapping framework for
generating detailed, lane-level planning maps in the Lanelet2 format. By incor-
porating the German StVO rule set [Bun13], geometric reasoning, and domain-
specific assumptions, the framework aims to infer relational and topological
map elements from minimal physical cues. These physical cues can be pro-
vided by manual annotation or by semantic detections from on-board sensors.

Before inferring a road network, its structure must be well-defined. In general,
a road consists of various sub areas such as road ways, road shoulders, no-
go-zones and special-use paths, e.g., cycle paths and sidewalks. Road ways,
representing the part of the road intended for vehicles, can be further divided
into regular lanes and special lanes which have certain restrictions like bus, taxi
or bike lanes. A schematic overview of the road layout is shown in Figure 5.6.

As stated earlier, this work focuses on the lane topology and network, i.e., parts
of the road network intended for vehicles. Usually, this network can be modeled
largely independently of most other subcategories of the road or even of most
special lanes. One exception in urban German cities are bike lanes, which are
quite common and interfere heavily with the road network as they change the
lane topology. In the following, both the concept of the adapted semi-automatic
mapping framework and challenges imposed by implicit classes, such as bike
lanes, are further discussed.
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Figure 5.7: Overview of the semi-automatic mapping pipeline for creating Lanelet2 maps. This
pipeline is a simplified version of the one presented in [Pog19] as it does not aim to
create a complete and functional planning map for autonomous driving but rather a
consistent and well-defined base for training a map inference model. So traffic rules
and associations of traffic signs or lights to lanelets are not considered. Left in an
orange box are the physical cues which are manually annotated in a BEV perspective
and provided as input of the pipeline.

Semi-automatic mapping pipeline A conceptual overview of the adapted
and simplified semi-automatic mapping pipeline is provided in Figure 5.7. For
this work, the physical cues are solely provided by manual annotations and
consist of road border, lane direction, and road marking prompts in the BEV
perspective. In a first step, the road area is identified and classified into road
segments and intersections. This is done by constructing a Voronoi diagram,
see A.4, from annotated road markings and borders, which allows to partition
the road network into atomic/manageable parts. In combination with the lane
direction prompts, the Voronoi cells are the basis to infer an initial lane topol-
ogy, in particular for the road segments. Subsequently, the topology of inter-
sections is estimated based on the number and direction of incoming and outgo-
ing lanes, and a combination of formal traffic rules and heuristic assumptions.
Since the entire map is not usually resolved in a single step, the inference of
road segments and intersections is inherently iterative, progressively refining
both intersections and road segments. The process terminates when either all
segments are successfully resolved or the number of unresolved segments stays
constant, typically due to insufficient or inconsistent input prompts.

In Figure 5.8, intermediate and final results of the mapping pipeline are shown.
First, Figure 5.8a illustrates optimization results, ranging from non-resolvable
intersection areas, over partially resolved intersection areas with the addition
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of visible road markings and entry hints, to a resolved intersection area after
the completion of entry information by adding also non-visual road markings,
which can be derived from context. Second, Figure 5.8b depicts manual post-
processing of common optimization artifacts such as ill-formed lanes for right
turns or straight lanes in the absence of roadmarking cues. Finally, the resulting
solution after post-processing is shown in the image on the right.

(a) Intermediate optimization outputs. Left: annotation of road border yields a non-resolvable
intersection area. Middle: After adding visible road markings and multiple entry hints some
lanes become resolvable. Right: Completion of entry information by adding also non-visual
road markings, which can be derived from context, yielding a resolved intersection area.
Non-resolved areas are depicted in yellow. Resolved lanes are shown in red and blue with
respect to their heading direction.

(b) Manual postprocessing of common optimization defects and final map result. Left: Inference of
misshaped lane for right turn. Middle: Inference of mishaped straight lanes in the absence of
road marking hints. In both cases a manual adjustment of the affected linestrings is done. Right:
final results. The misshaped lanes are selected and depicted in red.

Figure 5.8: Visualization of intermediate and final results of the semi-automatic mapping pipeline
for creating lanelet2 maps by [Pog19]. Imagery: ©Stadt Karlsruhe | Liegenschaftsamt.

Consistent representation of implicit classes The presented map definition
is designed to allow the generation of consistent training data for vectorized
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instances of road borders, lane dividers and also the lane topology, i.e., center-
lines. Some classes, such as road borders in non-intersection areas or visible
lane dividers are explicitly annotated, while others, such as centerlines, are de-
rived from context. On an annotation level, this requires a label strategy so that
these classes can be inferred in a meaningful and consistent way. This becomes
especially challenging in the presence of components of the road layout which
are not part of the derived label set, but still significantly influence the infer-
ence of other map classes such as centerlines. For instance, bike lanes are not
part of the standard map perception task, yet they are common in urban areas
and influence the lane topology. Figure 5.9 illustrates this issue by compar-
ing three different annotation strategies in an intersection which includes bike
lanes, highlighting the importance of context-aware labeling for classes that are
not present in downstream perception tasks or even in the map definition. Ei-
ther by annotation definition or in a later inference step, the remaining target
classes must remain consistent and meaningful.

Figure 5.9: Example approaches on how to handle bike lanes. Bike lanes have no explicit class in
the standard map perception task. Hence, an implicit label strategy is to be designed
to be consistent for all possible scenarios in regard of all explicit classes. Left: Include
bike lanes to the driveable area which neglects associated lane dividers and traffic
rules. Middle: Consider only regular lanes as driveable area, resulting in road border
on dashed line and, as depicted in the example, non-resolvable intersections. Right:
Closing off and divide bike lanes from regular lanes with solid lines. This method is
chosen as it represents the most consistent approach regarding lane topology. Imagery:
©Stadt Karlsruhe | Liegenschaftsamt.
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5.6 Automatic Mapping of Semantically Tailored
Landmarks

(a) Associations and tracking in the global map frame with a color per instance.

(b) Exemplary rendering of geometric primitives.

Figure 5.10: Example results of the automatic mapping of semantically tailored landmarks, visu-
alized in a global map frame and as a reprojection in camera images.

Inspired by [PSS21], yet further developed and refined by [Hu26], the paramet-
ric mapping pipeline applied in this work, is designed to automatically generate
a map of semantically tailored landmarks from on-board sensor data and detec-
tions. More specifically, the system models static objects from three exem-
plary semantic classes with geometric primitives, i.e., poles and traffic lights as
cylinders, and traffic signs as upright planes of various shapes. The parametric
mapping pipeline consists of three main processing parts: Semantic primitive
detection, primitive association and tracking, and parametric modeling and es-
timation.
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5.6 Automatic Mapping of Semantically Tailored Landmarks

Its input consists of camera images with corresponding instance segmentations,
LiDAR point clouds and an accurate 6D ego motion. The instance segmenta-
tions are computed with [PBC19], due to its high generalization capabilities and
strength in detecting small infrastructure objects, formerly discussed in Sec-
tion 4.4.2. Motion compensated LiDAR points, see Section 4.4.3, are projected
into the masked camera image to determine a map element-specific point cloud
for each instance mask. Sequentially, the map element-specific point clouds are
associated and tracked in the global map frame considering semantic and geo-
metric constraints. In contrast to [PSS21], the pipeline of [Hu26] exploits all
instance masks and element point clouds representing a single map element to
optimize its model parameters. Using a non-linear optimizer [AMT23], the
model parameters are estimated by minimizing deviations between the map
element-specific point clouds and viewing rays on the instance mask’s con-
tour pixels and the object shape’s hull. While rectangles, circles, and trian-
gles are used as specific primitives to model traffic signs if their shape matches
corresponding detections, detections with unspecified or unknown shapes are
also modeled as rectangles. This results in an accurate and complete, yet fully
automatically generated map covering all regions simultaneously observed by
camera and LiDAR sensor.

Example results of the parametric mapping are shown in Figure 5.10. Fig-
ure 5.10a depict the detected and tracked primitives in the global map frame.
Given the ego pose and camera calibration, the 3D shapes can be projected
back into camera images, yielding pixel-accurate instance masks as depicted
in Figure 5.10b.

A review of the resulting maps demonstrates that the parametric mapping
pipeline is capable of generating complete, consistent and accurate parametric
landmarks considering position, geometry and semantic class. An exception
are exceptionally high mounted traffic signs or lights which are not reliably ob-
served by the LiDAR sensor and, thus, are occasionally not included in the map.
Also, a qualitative map evaluation and initial experiments, conducted using the
XD-map pipeline of Section 7.1, have revealed that the parametric mapping
pipeline is prone to pose inaccuracies, e.g., present for the visual SLAM in
turning maneuvers. For example, slight inaccuracies in estimating the heading
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angle can provoke failed associations and tracking, resulting in duplicated,
missing or malformed map elements. As a consequence, a more precise multi-
modal continuous-time trajectory SLAM, described in Section 4.4.5, replaces
the visual SLAM framework for experiments regarding cross-modal domain
adaptation via automatic parametric mapping, see Section 7.1.

5.7 Map Analysis and Qualitative Review

This section reviews the quality of the generated HD maps and the interplay
between different components of the overall pipeline. For simplicity, the three
map layers are abbreviated as follows: MDS for the dense surface feature map,
MLT for the lane-level topological map and MEP for the semantically tailored
traffic elements. Important to note is that both MDS and MLT are mapped rel-
ative to the initial multi-drive pose graph, described in Section 4.4.4, and thus
are subject to its accuracy. In contrast, the fully automatic pipeline for mapping
MEP is even prone to tiny localization errors, which require a new pose graph
optimization, described in Section 4.4.5, to achieve satisfying results.

Table 5.1 summarizes statistics of mapMDS andMEP for all recorded sequences
in Karlsruhe, Germany. In total, more than 21 000 road markings are mapped
in MDS, including dashed lines, solid lines, and other road markings, such as
pedestrian crossings and stop lines. The automatic mapping process yielded
2353 traffic signs, 1124 traffic lights and 3454 poles along the close to 22 km
of unique road.

Table 5.1: Statistics of annotated map elements in MDS and MEP.

Sequence MDS: Road surface features MEP: Parametric elements
# lSQ [km] lR [km] nDL nSL nOL nTS nTL nPO

SQ𝐴 5.35 20.4 6090 256 380 897 367 640
SQ𝐵 2.97 8.7 3729 175 177 479 170 369
SQ𝐶 2.98 7.1 2273 63 150 449 163 323
SQ𝐷 5.33 14.5 2810 158 370 800 159 547
SQ𝐸 4.95 12.7 4028 78 289 829 265 474
Sum 21.6 63.4 18930 730 1366 2353 1124 3454

lSQ: sequence length; lR: mapped road border length; nDL: dashed lines; nSL: solid lines; nOL:
other line markings; nTS: traffic signs; nTL: traffic lights; nPO: poles.
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road sidewalk terrain dashed line solid line other line dyn. obj. unlabeled

Figure 5.11: Qualitative evaluation of the dense surface feature map MDS in three scenarios, com-
paring different reconstruction approaches. In each pair, the top image shows the
stereo-based result, and the bottom image shows the fusion-based result. Areas in
red are identified as occluded by dynamic objects, further described in Section 7.2.1.
While both methods produce comparable reconstructions in the central region, the
fusion-based approach provides greater accuracy near the boundaries of the field of
view.
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Quality of road surface reconstruction The visual assessment of road sur-
face reconstruction and texturing, as well as the resulting quality of MDS, is
conducted by rendering HD map elements into the image plane using the for-
ward camera model and the estimated 6D vehicle pose. Figure 5.11 shows three
exemplary scenarios with two different reconstruction methods. The top image
of each pair corresponds to the stereo-based reconstruction, while the bottom
image corresponds to the fusion-based approach, both described in Section 5.3.
For better visualization, the semantic occlusion handling for dynamic objects,
further described in Section 7.2.1, is applied. Consequently, map elements are
solely rendered if not occluded by dynamic objects, which are depicted in red.
The image overlays demonstrate the overall high accuracy of the reconstruction
and mapping process, including calibration and SLAM, as the projected road
features are well aligned with the camera images. A comparison of the two
methods indicates that both achieve similar quality in the central field of view.
However, the fusion-based approach produces fewer artifacts near the image
boundaries. For example, in the second and third scenarios, the stereo-based
method lifts features at the far left above the road surface, clearly visible for the
solid line in the second case and the leftmost line in the third case.

Several factors may explain this observation. LiDAR depth measurements are
typically more accurate, and explicitly modeling the ground surface with a B-
spline can improve the robustness towards outliers. Second, even minor distor-
tions caused by the windshield, behind which the stereo camera is mounted, can
degrade disparity estimation, with stronger effects toward the image periphery.
Finally, the stereo-basedmethod inherently provides fewer depth measurements
near the borders of the field of view. This can increase the distance between
map elements and their nearest reconstructed surface points, amplifying errors
during the lifting process. Nevertheless, the advantage of the fusion-based ap-
proach cannot be generalized, as it strongly depends on the specific sensor con-
figuration and calibration quality.

Quality review of multi-drive mapping In the previous example, the map
elements of MDS were back-projected into camera images from the primary
drive of a sequence. This primary drive is both used for the loop closure in

66
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the SLAM process and as the basis for surface reconstruction and map annota-
tion. An accurate multi-drive mapping enables the generation of training data
at scale by acquiring drives with varying environmental conditions as long as
the mapping remains consistent. In Figure 5.12, the quality of the multi-drive
mapping is assessed by back-projecting map features of MDS and MEP into the
camera images of different drives. In all drives, the backprojection quality is
high enough that tiny map features, such as 12 cmwide dashed lane markings or
small road signs, are well aligned with the sensor data. Depending on the loca-
tion of the feature the back-projecting error is on a centimeter level, especially
for close road markings. It demonstrates that the back-projection quality is con-
sistent across multiple drives of the same sequence, confirming the robustness
of the multi-drive mapping.

Figure 5.13 presents additional qualitative results for three traffic elements,
mapped in MEP and reprojected into consecutive image sequences of three dif-
ferent drives. For each re-projection, an image patch centered on the respective
element is cropped and all patches belonging to the same passing are arranged
from left to right in a row. The figure highlights the accuracy of the calibration,
semanticmapping, and themulti-drive pose graph alignment. It should be noted
that all drives in this dataset were collected under similar weather and lighting
conditions. The scaling with additional drives become particularly beneficial
when the drives differ significantly in environmental conditions, such as heavy
rain, snow or night driving. These challenging conditions are however not part
of the current dataset and can thus not be evaluated here.

67



5 HD Map Generation

SQD1
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SQD3

road sidewalk terrain dashed line solid line other line traf. sign
traf. light pole dyn. obj.

Figure 5.12: Qualitative evaluation of multi-drive mapping precision by assessing rendered map
features in three drives of the same sequence. Left and right show two different sce-
narios and top to bottom depicts the same scenario in three different drives.

SQD1

SQD2

SQD3

Figure 5.13: Qualitative results of multi-drive mapping. Three traffic elements are mapped in MEP
and back-projected into camera images from three different drives. Each row corre-
sponds to one drive, or passing, showing a sequence of cropped image patches for the
respective traffic element. The consistent alignment across rows demonstrates the
precision of calibration, semantic mapping, and multi-drive registration.
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Figure 5.14: Qualitative examples of reprojected map features from public datasets. Left:
nuScenes [CBL20], right: Argoverse 2 [WQA21]. More examples in Figure 2.2.

Comparison to other state-of-the-art datasets To put the quality of the gen-
erated HD maps into perspective, Figure 5.14 presents qualitative examples of
reprojected map features from nuScenes and Argoverse 2, the two state-of-the-
art datasets that combine on-board sensor data with HD map annotations. It
showcases that the presented multi-layer HD map offers a higher degree of ge-
ometric fidelity, completeness and diversity of map elements across different
categories. An example of the improved high-fidelity is the centimeter-level
alignment of the presented map features with the corresponding physical struc-
tures in the environment. Differences in map element diversity include that
public datasets are limited to planar, ground-level map elements, while rather
small, volumetric or even elevated features are completely missing. Both high-
fidelity and diversity of map elements are crucial factors for the range and qual-
ity of perception models that can be trained with maps as supervision signal.

Due to the lack of a comprehensive map format and framework for the
public datasets, it is challenging to validate planning-grade features for in-
consistencies or check for completeness. This also increases the difficulty to
infer missing information consistently from the available map data, e.g., as
conducted by [LCJ24] for centerlines in nuScenes. An example for incom-
pleteness is that nuScenes does not provide consistent divider annotations, i.e.,
dividers are fully missing in intersections.
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5.8 Conclusion

Three mapping pipelines were applied to build a complementary set of map
layers combining manual, semi-automatic, and fully automatic mapping. The
process is tailored to create map features of different abstraction levels, for dif-
ferent functional roles and of different geometric representations. Together
the multi-layer map elements span from dense physical road-surface features
to topological lane networks and elevated traffic elements. A comparison to
other state-of-the-art datasets highlights that the accuracy and richness of map
elements is on par or exceeds those of other datasets. By back-projecting the
generated map elements into the sensor space a centimeter level of precision is
achieved, allowing to match even small map features like dashed line markings
or small traffic signs.
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6 Bird’s Eye View Map Perception

Bird’s Eye View (BEV) perception has attracted significant interest within the
robotics and automated driving community. It denotes the inference and storage
of scene information from on-board sensor data in a top-down view. This repre-
sentation is particularly advantageous as it allows the efficient storage of scene
information in absolute scale and with precise localization relative to an agent’s
coordinate system. This spatially consistent representation and alignment with
the geometry of traffic scenes make it well-suited for various downstream tasks,
including sensor data fusion, object tracking, and motion planning.

This chapter focuses on the task of learning an online HD map construction
from surround-view camera data in a BEV representation by exploiting HD
maps as a supervision signal. The emerging task of online HDmap construction
is especially promising for future autonomous driving systems, as its vectorized
output of the static environment aligns well with the needs of many downstream
components that traditionally depend on HD maps.

The goals of this chapter are twofold: First, to define a label set and data gener-
ation pipeline that produce high-quality, geometrically rich annotations. These
should consist of semantic classes valuable for downstream tasks and are typ-
ically only available through HD maps. Second, to identify a training regime
that effectively exploits and employs the characteristics of the presented sen-
sor setup and dataset in the context of real-world applicability. This includes
studying trade-offs between inference time and model performance, as well as
analyzing the impact of individual sensors and localization noise on overall
system performance.

The first goal is addressed in Section 6.2 and Section 6.3, which outline a strat-
egy for generating high-quality, high-value labels from HD maps. Extensive
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ablation studies are then presented in Section 6.4 and Section 6.5, evaluating
the effectiveness and deployability of different training configurations.

6.1 Online HD Map Construction

The task of Vision-CentricBEV Perception is a concept of transforming a batch
of 𝑉 perceptive-view images with height 𝐻 , width 𝑊 and 𝐶 channels I ∈ℝ𝑉 ×𝐻×𝑊 ×𝐶 into BEV features 𝐹BEV ∈ ℝ𝑋×𝑌 ×𝐷, where 𝑋 and 𝑌 denote spa-
tial dimensions and 𝐷 the number of BEV feature channels. Subsequently,
various inference tasks, such as object detection, semantic segmentation or in-
stance segmentation, can be performed on the BEV features. A comprehensive
overview of existing methods is provided by [MWB24].

One of the most prominent tasks in this context is online HD map construction,
as discussed in Section 2.4, i.e., to predict a set of vectorized map instances
represented by polygons and polylines in BEV representation. Typical meth-
ods consist of at least three components: First, a backbone network extracts
features from the input sensor data. For image data, common choices in-
clude a CNN-based ResNet [HZR16] or a transformer-based Swin [LLC21]
architecture. Second, a PV-2-BEV transformation module converts feature
embeddings from the perspective view into the BEV representation. Ma
et al. [MWB24] survey a wide range of different PV-2-BEV modules including
geometry-based methods, which utilize depth estimations [RKC18, PF20] or
homographies [HZG20], or learning-based methods which employ multi-layer
perceptrons [LWW22] or attention-based transformers [LWL22, ZK22]. Third,
a task-specific head, often referred to as a map decoder module in online HD
map construction, predicts the target map elements from the BEV features. In
many recent works, this module is a transformer-based architecture [LYW23,
LCW22, LCZ24], similar to DETR [CMS20].

This work employs the MapTRv2 architecture [LCZ24], which combines sev-
eral recent advancements in the field and has established itself as a well-studied
baseline for online HD map construction. Its map decoder employs a hierar-
chical bipartite matching strategy with a fixed number of points per predicted

72



6.2 Label Definition and Generation

map instance along with multiple auxiliary supervision signals and a one-to-
many query design to improve convergence and prediction quality. A ResNet-
50 backbone, pre-trained on ImageNet [DDS09], was selected over the more
powerful Swin backbone due to its favorable trade-off between accuracy and
computational efficiency. The PV-2-BEV transformation module is based on
the Lift-Splat-Shoot (LSS) method [PF20], which predicts a depth distribution
for each pixel ray and uses it, together with a context vector, to determine the
corresponding BEV features along the line of sight.

6.2 Label Definition and Generation

In the original task definition of Li et al. [LWW22] and many following works,
online HD map construction is evaluated on three types of map elements:
Pedestrian crossings, lane dividers, and road boundaries. All three map in-
stances were represented by a fixed number of 2D points, either as polygons
for pedestrian crossings or as polylines for lane dividers and road boundaries.
These labels all represent physical map elements from which the derivation of
higher-level topological information, essential for downstream behavior and
motion planning tasks, is challenging. To address this limitation, MapTRv2
has proposed to incorporate lane centerlines as a fourth map element class.
Unlike other map instances, which are undirected, centerlines have a defined
direction, requiring a distinct matching strategy between predicted and ground
truth instances during training and evaluation. This was a significant step
towards alignment of map perception output with the actual requirements
of downstream tasks. In contrast to prior works which solely predicted 2D
map instances, MapTRv2 also extended the geometric representation of pre-
dicted map instances into 3D space. The next essential label improvement
was presented by Immel et al. [IFB25b, IFB25a]† proposing the distinction
between solid and dashed lane dividers as two separate classes. In real-world
autonomous driving, it is crucial to be able to identify the type of a divider
as it indicates whether a lane change maneuver is permitted. Additionally,
the authors corrected several annotation inconsistencies and advocated to
utilize a comprehensive map framework, e.g., Lanelet2 [PPJ18], as a basis
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to generate more valid and consistent HD map labels instead of custom map
representations. To this end, a novel module denoted LL2MLconv, which
specifically targets the generation of labels for online HD map construction
was integrated in the Lanelet2 framework and was released as open-source
software along with the publication. The label generation pipeline for online
HD map construction is illustrated in Figure 6.1.

6D pose graph

Surface height

LL2 Mapping Framework

Surroundview

LL2 Map Lifting
2D 3D

Surface texturing

OutputInput

LL2MLconv

Training samples
                 for online
HD map construction

Figure 6.1: Overview of the label generation pipeline for online HD map construction. First, pre-
processing estimates a high-accuracy 6D pose graph and a surface reconstruction, de-
tailed in Sections 4.4.4 and 5.3, respectively. Next, the reconstructed surface texture
is manually annotated with structured cues and converted by the Lanelet2 mapping
framework into a topological 2D planning map layer as described in Section 5.5. This
map is then lifted into 3D using the reconstructed ground surface, yielding MLT. Fi-
nally, LL2MLConv extracts local map elements for each 6D pose, converts them into
a set of fixed-size polylines and polygons, and assigns semantic class labels. Together
with synchronized surround-view camera images ISV, the labels SBEV are used to train
and evaluate the online HD map construction model.

This work builds upon these recent advancements in label definition and gen-
eration for online HD map construction. The labels are extracted from the
topological HD planning map MLT, further described in Section 5.5, using the
LL2MLconv module. All map elements are lifted into the 3D space by incor-
porating the ground surface reconstruction detailed in Section 5.3, resulting in
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a high-fidelity 3D representation of the road geometry, as demonstrated in Sec-
tion 5.7. Accordingly, the generated map instances are represented in 3D and
include directed lane centerlines, along with a distinction between solid and
dashed lane dividers. Pedestrian crossings were not considered in this work
as they are relatively rare in the limited range of the custom dataset to pro-
vide sufficient samples for training and evaluation. By incorporating these im-
provements and executing them with high-precision mapping and label gener-
ation pipelines, i.e., the Lanelet2 mapping framework [Pog19], the presented
ground surface reconstruction and the LL2MLconv module [IFB25b]†, this
work achieves state-of-the-art label quality for online HD map construction.
Figure 6.2 shows example ground truth labels extracted from MLT.

boundary centerline dashed line solid line

Figure 6.2: Example ground truth for online HDmap construction, generated from the topological
HD planning map MLT .
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6.3 Data Set Definition and Geographic Split

A recent study by Lilja et al. [LFS24] demonstrated that the performance of
map perception models on evaluation benchmarks is significantly affected by
geographic overlap between the training and test sets. Until then, this aspect
had been largely overlooked in established map perception benchmarks and
reported evaluation results were based on a mixture of geographically overlap-
ping and non-overlapping splits. This made a fair comparison of generalization
performance difficult.

Building on this insight, all experiments in this work use a strict geographic sep-
aration between training and test sets, ensuring a minimum distance of 100m
between them. For the geo-split test set, two distinct urban areas are selected
to increase diversity, covering both a rather rural region and a densely popu-
lated area close to the center of the city. Approximately 2 km of the total 22 km
are allocated to the test set, with the remainder used for training. The dataset
comprises four drives across five sequences, allowing for specific multi-drive
related analysis and research. To this end, a multi-drive dataset is defined, con-
sisting of three drives for training. Additionally, a pure overlap evaluation split,
consisting solely of the fourth drives, is introduced to particularly analyze per-
formance gains when the same scenes are already observed during training. In
summary, the single-drive training split contains ∼19 000 frames, the multi-
drive training split ∼42 000 frames, the geo-split test set ∼1800 frames, and the
overlap test set ∼13 000 frames. For faster evaluation during training, every
fourth frame is selected in case of the geo-split test set and every tenth frame
in case of the overlap test set.

Table 6.1 compares the characteristics of the labels and data splits used in this
work with those of related works in online HD map construction. It highlights
that most prior works do not include crucial map element categories such as
lane divider types and centerlines. Furthermore, many studies do not utilize
3D instance representation. However, most recent works have adapted the geo-
graphic split. This work incorporates all previous improvements and also con-
siders the separate consideration of single-drive and multi-drive settings.
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Table 6.1: Comparison of label and data split characteristics of related works. (✓) indicate that
3D instance representation was applied if possible. S/M-dri. set. denotes the separate
consideration of single-drive and multi-drive training settings.

Method Data
set

Divider
types

Lane
centerl.

3D ins-
tances

Geo.
split

S/M-dri.
set.

MapTR [LCW22] nu - - - - -
VectorMapNet [LYW23] nu/av2 - - - - -
MapTRv2 [LCZ24] nu/av2 - ✓ (✓) - -
MapTracker [CWT24] nu/av2 - - - ✓ -
StreamMapNet [YLW24] nu/av2 - - - ✓ -
M3TR [IFB25a] nu/av2 ✓ ✓ (✓) ✓ -
This work ours ✓ ✓ ✓ ✓ ✓
6.4 Experimental Evaluation

This section outlines the experimental evaluation of online HD map construc-
tion from surround-view camera data trained on the custom dataset developed
in this work. The unique sensor setup and dataset characteristics allow for a
series of ablation studies to analyze the influence of various factors on model
performance. These aspects include the effect of input resolution, camera setup,
model initialization, and sensor data frequency. Additionally, the robustness of
the training process is examined under varying localization noise patterns.

Experiment layout Input resolution is a critical hyperparameter for the real-
time application of perception models, particularly those operating on multiple
camera views and large network architectures. In previous works, MapTRv2
drastically reduced the input resolution of the multi-camera input images. A
scale factor of 0.5 for nuScenes images and 0.3 for Argoverse images is applied,
yielding input resolutions of 800 px × 450 px and 614 px × 614 px, respectively.
In this work, the high-resolution surround-view camera images are significantly
larger, exceeding 6.5 megapixels per image. After cropping a region of interest
of 3000 px × 1500 px, different scale factors are applied ranging from 0.15 to
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0.8 in order to find a good trade-off between performance and efficiency. Se-
lected models are also evaluated on the overlapping split test set to assess their
performance in geographic regions familiar from training.

Next, the benefit of different camera setups is investigated. This includes re-
moving individual cameras from the surround-view setup, such as the rear or
low-mounted side cameras, to assess their contribution to the overall perfor-
mance. Also, the addition of two roof-mounted cameras is evaluated to analyze
the impact of their superior mounting position. Furthermore, experiments are
conducted using different training sample frequencies, i.e., varying the selec-
tion rate of sequential sensor frames and incorporating multi-drive setups. Data
sample frequency directly correlates with the dataset size, which strongly mo-
tivates keeping the sampling frequency as low as possible without degrading
model performance. The multi-drive setup can increase the effective observa-
tion frequency of static scenes beyond the sensor rate while also introducing
new traffic scenarios and environmental conditions. Furthermore, the influ-
ence of different pretraining strategies is studied. Pretraining and representation
learning are crucial to overcome data scarcity, especially as model capacity and
complexity continue to grow. Although the open-source datasets differ in sen-
sor setup, geographic region, and annotation strategies, they can help to build
a strong initial feature representation. With the custom dataset being relatively
small for a complex task like online HD map construction, several pretrain-
ing strategies are compared, including training from scratch and pretraining on
different datasets, label sets, and training regimes. These experiments offer
important insights into the effective deployment of real-world online HD map
construction in new domains with limited data availability.

Finally, a study is conducted to examine the influence of pose degradation on
ground truth generated fromHDmaps. This follows an in-depth study of Blum-
berg et al. [BMF25]†. They are the first to model various real-world localization
noise patterns and apply them on the Argoverse 2 dataset before ground truth
generation. In this work, the same noise types, Gaussian, Ramp, and Perlin
noise, are applied to the custom dataset to study which noise levels lead to sig-
nificant performance degradation given the specific sensor setup and dataset
size.
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Evaluation range andmetric The evaluated perception range is defined over
a range of −30m to 30m in longitudinal and −15m to 15m in lateral direc-
tion. While this is de-facto the standard for the perception range in online HD
map construction, more recent works, in particular when incorporating prior
map or temporal information, also consider more extended ranges of 100m× 50m [YLW24] or even 240m × 60m [JZL24]. Analogous to [LYW23,
LCW22], the Chamfer Distance 𝑑CD(𝑆1, 𝑆2) is used as the evaluation metric
to determine the prediction quality. It is a similarity measure between two sets
of points 𝑆1 and 𝑆2 and is further discussed in Section 3.3.1. Based on the 𝑑CD,
an Average Precision (AP) is computed for three different modes: Easy, mod-
erate, and hard, corresponding to three thresholds 𝜏 ∈ 𝑇 , 𝑇 = {0.5, 1.0, 1.5},
respectively. As long as 𝑑CD < 𝜏, the predicted instance is considered as a true
positive. The average across all thresholds, denoted as

mAP = 1|𝑇 | ∑𝜏∈𝑇 AP𝜏 , with 𝜏 ∈ 𝑇 , 𝑇 = {0.5, 1.0, 1.5}, (6.1)

represents the overall performance measure. Additionally, the AP is reported
for each map element class separately, in order to provide a fine-grained per-
formance review, denoted APbou, APcen, APdsh, and APsol for road boundaries,
lane centerlines, dashed lane dividers, and solid lane dividers, respectively.

Training hyperparameters and base model The hyperparameters of the
MapTRv2 model are mostly kept identical to those proposed in [LCZ24] for
training with the Argoverse 2 dataset. All experiments are trained for 8000 it-
erations with a batch size of 32, using the AdamW optimizer [LH19] with a
learning rate of 6 × 10−4 and a weight decay of 1 × 10−2. When initializing
with pretrained weights, the learning rate multiplier of the backbone is set from
1 to 6 to account for the strong domain shift in input images. While the depth
prediction loss is turned off, the two other dense auxiliary losses are employed,
namely the BEV segmentation loss and the PV segmentation loss.
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6.5 Results

The base model for all experiments is trained with an input scale factor of 0.5 on
the full surround-view camera setup, resulting in an input resolution of 1500 px× 750 px per image. The input image resolution of the base model was defined
with respect to Figure 6.3, which shows a study of different input image res-
olutions ranging from 450 px × 225 px to 2400 px × 1200 px comparing their
performance and inference time. Here, the base model offers a good trade-
off between performance and efficiency. Higher resolutions do not increase
the performance significantly, while having much higher inference times. The
model is initialized with pretrained weights from an Argoverse 2 training with
four classes, denoted as avc4. It is trained with the training sample frequency
fS/1, i.e., using the single-drive training samples with the full 10Hz frequency.
This base model achieves a mAP of 28.9% on the geo.-split test set.

Figure 6.4 and Figure 6.5 present qualitative results of the base model on ex-
amples from the geo.-split test set. The figures demonstrate that the model can
accurately predict not only simple, straight road geometry but also more com-
plex topologies including intersections.
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Figure 6.3: Quantitative results of HD map construction performance for different resolutions of
the surround-view image input. On the original resolution of 3000 px × 1500 px scale
factors ranging from 0.15 to 0.8 are applied, resulting in image resolutions from 450 px× 225 px to 2400 px × 1200 px. The top plot shows the inference time in milliseconds,
the middle plot the mean Average Precision (mAP) over all classes and the bottom
plot the Average Precision (AP) for all individual map element classes. The horizontal
gray lines indicate the performance and inference time of the base model trained and
evaluated on an image input of 1500 px × 750 px.
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Prediction

Ground truth

Prediction Ground truth

boundary centerline dashed line solid line

Figure 6.4: Example of HD map construction performance on the geo split. Top: Predicted map
instances overlaid on the surround-view camera images. Middle: Ground truth map
instances overlaid on the surround-view camera images. Bottom left: Predicted map
instances in BEV. Bottom right: Ground truth map instances in BEV.
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Prediction
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Prediction Ground truth

boundary centerline dashed line solid line

Figure 6.5: Example of HD map construction performance on the geo split. Top: Predicted map
instances overlaid on the surround-view camera images. Middle: Ground truth map
instances overlaid on the surround-view camera images. Bottom left: Predicted map
instances in BEV. Bottom right: Ground truth map instances in BEV.
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Table 6.2 summarizes the quantitative results of three ablation studies on the
geo-split test set. For the sensor setup four different configurations are eval-
uated, including the full surround-view setup sv4, removing the rear cameras
sv3, removing the low-mounted side cameras sv2 and adding the roof cameras
sv+r to the general surround-view setup. It shows that, in the given setup, the
removal of the rear camera from the surround-view setup has a significantly
stronger negative impact on the performance than removing the low-mounted
side cameras. The results indicate that a two-camera setup with wide opening
angles is already capable of capturing most of the relevant information. The
benefit which comes from adding the roof cameras is limited. This observation
may be due to the lower quality of the roof cameras compared to the respec-
tive surround-view camera. In a fair comparison to assess the benefit these
should have been of similar quality. This can be seen as a limitation of the pre-
sented dataset and, thus, the roof cameras are not considered in the following
experiments.

The results with different pretraining strategies show that initializing the
weights from scratch yields better results than an initialization on nuScenes,
both in a pretraining with centerline nuc4 and without centerline nuc3. This
indicates that pretraining on less qualitative data can also have a negative
impact on the final performance. However, pretraining on Argoverse 2 im-
proves the performance significantly in all four assessed pretraining cases:
avc3 and avc4 are standard trainings with a label set of three and four classes,
respectively. avm3tr denotes a standard training setting in which the ground
truth enhancements of M3TR [IFB25a] are applied on the Argoverse 2 training
data. Each label improvement making the pretraining more beneficial for the
fine-tuning on the custom dataset. avm3tr+ further increases the performance
by applying the advanced training regime of the M3TR Generalist model.

Experiments on different training sample frequencies are conducted on the
single-drive setup with 10Hz, 4Hz, 0.5Hz and 0.25Hz denoted as fS/1, fS/5,
fS/20 and fS/40, respectively. Furthermore, two multi-drive setups are evalu-
ated, including the standard multi-drive setup fM/1 and a setup in which the
training samples are geographically equally sampled fMges. The separate mode
fMges is necessary since not all drives cover the full sequence and, thus, some
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regions are over-represented in the multi-drive setup. A trend of decreasing
performance with decreasing training sample frequency is observed. Still, even
when taking only every 20th sample, the performance loss amounts to only
1.5%, which is a relatively small drop considering the significant reduction in
dataset size. When making sure that the multi-drive setup is geographically
equally sampled, this yields a notable performance boost compared to the stan-
dard multi-drive setup. Finally, the results of the robustness study regarding
localization noise mimic the observations made by Blumberg et al. [BMF25]
and are further discussed in Appendix A.6.

Table 6.2: Quantitative results along three experimental dimensions: sensor setup, weights initial-
ization and dataset size w.r.t., frequency of training samples. All models are trained
with an image input 1500 px × 750 px on the standard range of 60m × 30m and evalu-
ated using mean Average Precision (mAP) on the geographical split evaluation set. The
performance difference to the base model vs.ba. is depicted in the last column.

Experimental Setting Average Precision
Setu. Pret. Freq. APbou APcen APdsh APsol mAP vs.ba.

Se
tu
p

sv2 avc4 fS/1 43.7 30.6 21.4 14.7 27.6 -2.3
sv3 avc4 fS/1 31.8 26.2 14.5 5.4 19.5 -9.4
sv4 avc4 fS/1 47.0 31.5 19.5 17.8 28.9 base
sv+r avc4 fS/1 46.2 33.1 20.5 16.4 29.1 +0.2

Pr
et
ra
in
in
g

sv4 w0 fS/1 38.6 24.3 16.8 9.4 22.3 -6.6
sv4 nuc3 fS/1 19.7 19.7 7.9 5.4 13.2 -15.7
sv4 nuc4 fS/1 24.7 18.8 10.3 7.4 15.3 -13.6
sv4 avc3 fS/1 45.6 30.1 20.5 12.6 27.2 -1.7
sv4 avc4 fS/1 47.0 31.5 19.5 17.8 28.9 base
sv4 avm3tr fS/1 43.8 33.8 23.2 18.0 29.7 +0.8
sv4 avm3tr+ fS/1 46.8 33.4 25.6 16.7 30.2 +1.3

Fr
eq
ue
nc
y

sv4 avc4 fS/40 43.4 28.9 16.8 13.5 25.7 -3.2
sv4 avc4 fS/20 45.1 30.9 21.2 12.6 27.4 -1.5
sv4 avc4 fS/5 46.4 31.6 23.1 13.1 28.6 -0.3
sv4 avc4 fS/1 47.0 31.5 19.5 17.8 28.9 base
sv4 avc4 fM 47.3 31.7 22.1 15.7 29.2 +0.3
sv4 avc4 fMges 45.5 33.5 25.7 16.0 30.2 +1.3
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Results on the overlap-split test set While the main evaluation is conducted
on the geo-split test set, additional evaluation results on the overlap-split test
set are provided in the appendix. Table A.5 shows the performance on the
overlap-split across different input resolutions and training sample frequen-
cies. It demonstrates the performance boost obtained if the model is trained
and evaluated on data from the same geographic region. The performance of
the base model improves from 28.9% to 60.4%mAP. This performance increase
is also observed in the qualitative results of the base model on examples from
the overlap-split test set in Figure A.1 and Figure A.2.

6.6 Further Work in Bird’s Eye View Perception

This section briefly highlights seven publications directly related to BEV per-
ception, which the author contributed to, but which are not applied in this thesis.
The publications range from proposing a BEV environment model, to defining
and exploring the task of dense semantic BEV segmentation from sparse Li-
DAR data, and incorporating priors for online HD map completion.

A dual evidential top-view representation as environmental model
Richter et al. [RBW24]† propose a dual evidential top-view representation as
an environment model for automated vehicles. By using evidential multi-modal
top-view grid maps, it is possible to model free space, traffic participants, and
information on their semantics in a common representation. In this represen-
tation, measurements from heterogeneous sensors can be combined, conflicts
resolved, and the corresponding evidence can be propagated over time. The
method introduces a novel dual-layer representation that separates the environ-
ment into two complementary layers: One for evidential tracking of dynamic
objects and another for evidential mapping of the ground surface.

Dense semantic BEV segmentation from sparse LiDAR data Bieder et
al. [BWJ20]∗ define the task of dense semantic BEV segmentation from sparse
LiDAR data and tackle it by exploiting a multi-layer grid map representation
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combined with convolutional neural networks originally developed for image
processing. The approach is enhanced in [BLR21]∗ by fusing deeply learned
features from complementary representations, i.e., range view and bird’s eye
view within a unified network architecture. Two subsequent works by Fei et
al. [FPH21]†and Peng et al. [FPH21]†further explore this task by employing
PointNet [QSM17] and a multi-attention mechanism.

Priors for online HD map construction and completion When relying
solely on scene information observed from the on-board sensor suite, online
map construction is inherently constrained by the sensor’s range, noise, and
limited field of view. To address these constraints, several approaches have
proposed to incorporate priors to either extend the range or improve perfor-
mance of the prediction. Immel et al. propose two methods for incorporating
priors in HD map construction: First, [IFB25a]† present M3TR, a single
Generalist HD map completion model, capable of handling diverse map pri-
ors originated from different HD map degradation scenarios by leveraging a
unique training regime and query embedding. Second, SDTagNet [IPF25]†
introduce an encoding module for SD map priors, which is based on natural
language processing and is capable of utilizing a wide range of available map
annotations without manual feature engineering.

6.7 Conclusion

This chapter conducted a comprehensive study on how to effectively train an
online HD map construction model on a custom surround-view camera data-
set. By integrating recent advancements in label definition and generation for
online HD map construction, this work achieves state-of-the-art label quality
in terms of high-fidelity, geometric representation and inclusion of crucial map
element categories.
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The presented ablation studies analyzed the influence of various factors on
model performance, including input resolution, camera setup, model initial-
ization, and training sample frequency. Each study was evaluated holistically,
considering both overall performance and real-world deployability.

The results demonstrate that, even with a challenging sensor setup and lim-
ited dataset size, effective training strategies lead to competitive performance
in online HD map construction. The deployed models were able to accurately
predict not only simple road layouts, but complex intersection topologies in pre-
viously unseen geographic regions. However, performance in regions which are
already observed during training does demonstrate even higher accuracy, high-
lighting the importance of considering the domain gap between training and
deployment scenarios.
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The previous chapter pointed out the advantages of a BEV representation as
environment model for automated driving, as its spatial consistency brings ben-
efits for multiple downstream tasks like sensor data fusion, tracking or motion
planning. While it makes sense for many applications to exploit these advan-
tages in the inference stage, there are several scenarios in which interpreting
the environment in the perspective view is preferred or even required. Being
able to understand the environment in the sensor’s native representation, in-
stead of a reprojection, enables to interpret the field of view on a fine-grained
level with pixel or point accuracy in a continuous 3D space. A BEV repre-
sentation inherently loses spatial information by discretizing into grid cells or
voxels, which are typically much coarser than the sensor resolution. Especially
in case of 2D BEV representation, height information or vertical arrangements
of objects are lost if not explicitly encoded. While this may be negligible for
features like lane topology, it becomes disadvantageous when assigning a close
arrangement of vertically and horizontally stacked traffic lights to their respec-
tive lanes. Even with the shift towards more and more end-to-end learning
approaches in automated driving, ground truth annotations in the perspective
view of different sensors remain valuable as auxiliary tasks in multitask learn-
ing setups, improving feature embeddings and overall performance. Notably,
examples for which the loss of spatial information caused by BEV projection
negatively affects performance include 3D reconstruction, semantic mapping,
and many localization pipelines.

In this chapter, learning from maps is applied to generate annotations in the
perspective view of different sensor modalities. It can be divided into two main
parts: First, learning from maps is exploited as a cross-modal domain adap-
tation strategy to transfer knowledge from a richly annotated source domain,
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i.e., image domain, to an underrepresented target domain, i.e., LiDAR, via au-
tomatically created HD maps. Unlike previous domain transfer approaches,
this fully self-supervised method does not require similar sensor modalities or
direct overlap of field of view. Instead, it enables extending the angular per-
ception range from a front-view camera to a full 360° view. In the second part,
learning from maps is applied in a pure perception context for the front-view
camera. The high-resolution and context-rich image domain allows examining
learning frommaps in perspective view with a more fine-grained level of detail,
including a broad variety of map elements, ranging from geometric models to
large surface features and very fine-grained road markings. Examples for chal-
lenging cases are dashed lines with a width of 12 cm, perceived on a flat angle
and at a distance of up to 50m.

Requirements, limitations and error propagation When learning a per-
spective map perception with maps as a supervisory signal, a point-or-pixel-
accurate reprojection of map elements into the sensor space is essential for mul-
tiple learning tasks, such as semantic segmentation. This poses several strict
requirements including a highly accurate intrinsic and extrinsic calibration of
all sensors, as well as a precise 6D pose graph. Calibration errors harm the
precision of the annotation pipeline in multiple ways. First, they introduce er-
rors in the pose graph estimation and the manual or automatic generation of
the HD map as both rely on the precise localization of perceived landmarks
and objects. Second, calibration errors lead to misalignments in the reprojec-
tion of map elements in the sensor space. Furthermore, the resolution of the
sensor must be appropriate for the size, detail level, and maximum distance
of reprojected map elements. Similarly, pose errors, regardless of their origin,
also compromise both HD map creation and reprojection process, causing spa-
tial mismatches between the reprojected map elements and their actual position
in the sensor data. Another significant source of errors arises from occlusions.
In the mapping stage, occlusions can result in incomplete or erroneous map
elements. During the reprojection stage, occluded map elements may appear
incorrectly over foreground objects, creating implausible annotations, further
addressed in Section 7.2.1.
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7.1 Learning from Maps as a Cross-Modality
Domain Adaptation Strategy

The fact that large-scale annotated datasets are often restricted to specific sens-
ing modalities or even particular sensor models poses a significant challenge
for deploying models across changing sensor setups. For this reason, extensive
research has focused on domain adaptation techniques, i.e., methods that trans-
fer knowledge from a source domain with abundant labeled data to a target
domain with limited or no annotations.

Most existing domain adaptation approaches in the field of autonomous driving
fall into one of two categories: First, techniques that align the source and target
domains by adapting sensor-specific characteristics, such as the ray distribution
in LiDAR-to-LiDAR adaptation [LMH20, REG19]. The second category in-
cludes methods that exploit overlapping sensor fields of view to transfer knowl-
edge from simultaneously perceived objects or structures [CCR23, MGW23].
Both methods impose strong requirements, either on the existence and extent
of their shared fields of view or that the sensor modalities are similar enough
to allow for effective knowledge transfer. These specific constraints limit the
range of applications of such methods on real-world sensor setups.

This section applies the concept of learning from maps to overcome these lim-
itations: It proposes XD-MAP, a fully self-supervised cross-modality domain
adaptation framework that leverages HD maps as an intermediate representa-
tion to transfer knowledge between heterogeneous sensor modalities without
requiring overlapping fields of view. In order to examine this concept, maps
with no manually annotated labels are used in order to keep the process fully
self-supervised. Instead, the automatically generated parametric map MEP is
employed. Its semantically tailored geometric representation of map elements
are capable of conserving semantic knowledge from an open source image data-
set, i.e., theMapillary Vistas dataset [NOB17], and serving as a bridge to enable
pixel-and-point-accurate pseudo labels for the target sensor, i.e., LiDAR.
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Mapillary Vistas datasetMulti-modal dataset

Multi-modal SLAM

Ground truth
rendering

Pseudo labeling

Parametric mapping

Input

Output
Rendered ground

truth for LiDAR data

Figure 7.1: Overview of the cross-modal domain adaptation approach XD-MAP. The input con-
sists of two parts: First raw sensor data from the multi-modal dataset, i.e., images, Li-
DAR, and GPS/IMU data, denoted as I, P, and R, respectively. Second, the Mapillary
Vistas dataset for image segmentation, denoted as (IMV,SMV). Intermediate results are
pseudo labels SPseudo, a pose graph T and a semantic parametric HD map MEP. The
output consists of rendered ground truth for LiDAR data for panoptic segmentation,
semantic segmentation and instance segmentation, denoted as SPO, SSS, SIS, respec-
tively.
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An overview of the proposed XD-MAP framework is shown in Figure 7.1. It
illustrates the individual steps of the pipeline, which starts with a multi-modal
dataset and detections of a well-generalizing pretrained neural network in the
source domain and ends with rendered ground truth for the target sensor modal-
ity. Most of the processing steps have been described in detail in previous
chapters. The process includes the pseudo labeling from Section 4.4.2, the
multi-modal SLAM from Section 4.4.5 and the parametric mapping from Sec-
tion 5.6 to create the semantic HD map MEP. The following section describes
the pseudo label generation process, the implementation of two baseline ap-
proaches and the experimental evaluation of the method. This work has also
been accepted for publication in Bieder et al. [BKH26]∗.

7.1.1 Label Generation

The map MEP contains three distinct types of elements in semantically tailored
geometric representations, i.e., poles and traffic lights, modeled as cylinders,
and road signs, modeled as upright planes of various shapes. This section de-
tails the process of rendering pseudo labels for 2D and 3D LiDAR perception
models as well as two baseline approaches that use single shot pseudo labels
instead of a semantic parametric HD map.

Perspective data annotation by projecting map elements In a first step, a
set of relevant landmarks ℒ𝑖 = {𝓁 ∈ MEP ∣ ‖𝓁 − T𝑖‖2 < 𝜏} from the se-
mantic map MEP is obtained for each ego pose T𝑖, where the distance between
a landmark 𝓁 and the ego pose is below a predefined threshold 𝜏. 𝜏 has to be
chosen slightly larger than the maximum range objects are labeled for, as its ex-
tent might not be accounted for in the landmark’s position. The set of relevant
landmarks ℒ𝑖 is then transformed from the global world frame to the sensor
frame with Tl𝑖 = TE𝑙 T𝑖, using both the vehicle pose and the sensor’s extrinsic
calibration. Subsequently, key points of each landmark are constructed in the
sensor frame and projected using the spherical sensor model of the LiDAR, in-
troduced in 4.4.3. This reconstructs the shape of the landmark in the sensor
space producing a polygon set 𝑆 representing object boundaries. If landmarks
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are modeled as 3D geometric primitives, such as cylinders, it might be neces-
sary to first transform it into the sensor frame before constructing key points by
a primitive-specific rendering function as the key points depend on the direc-
tion of observation. The map elements are processed in the order of decreasing
distance from the sensor, while each newly projected element overwrites pre-
viously projected ones. This procedure is necessary to account for occlusions
and ensures that objects are correctly represented from the sensor’s perspective.
This representation is the basis from which labels for various 2D or 3D percep-
tion tasks can be derived, i.e., semantic segmentation, panoptic segmentation or
bounding box detection. While rendering of 2D labels is straightforward from
this representation, the 3D point cloud annotation pipeline utilizes the same in-
termediate representation. It combines each 2D shape with an object-specific
depth range, creating a frustum that encapsulates the corresponding map ele-
ment. All LiDAR measurements which fall within this frustum are then as-
signed the label of the respective map element. This method ensures that the
3D labels accurately reflect the semantic information from the map while main-
taining spatial consistency within the point cloud. Additionally, it effectively
handles occlusions by leveraging the depth information inherent in the frustum
representation.

Mitigation of annotation uncertainty As addressed at the beginning of the
chapter, even small errors in calibration, localization or mapping can lead to
misalignments between the rendered labels and the actual sensor data, i.e.,
cause points near object contours to fall outside the primitive. Since the objects
of interest, i.e., traffic lights, traffic signs, and poles, are sparsely distributed
in the scene, the reduction of false negative instance annotations is prioritized
even at the cost of introducing false positives. To mitigate the impact of these
misalignments in 3D, an uncertainty margin is introduced by increasing the ra-
dius of each cylindrical object by 5 cm and by 7 cm for traffic lights and poles,
respectively. Additionally, traffic signs which are modeled as upright 2D planes
are extended to 3D boxes with a depth of 10 cm. For 2D annotations, a minimal
dilation operation is applied to the rendered shape, resulting in a 1-pixel expan-
sion of each segment. This adjustment also prevents artifacts such as poles from
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being rendered with a width of zero. All points or pixels not assigned to any
object are labeled as background to clearly distinguish them.

Baseline approaches Two baseline approaches are implemented that gener-
ate pseudo labels directly from single shot 2D instance segmentations without
utilizing the semantic parametric HD map. One specifically aims to preserve
the object’s shape, while the other focuses on retaining accurate depth informa-
tion for each point within an object. The major challenge for these approaches
is to precisely infer an object’s 3D position and the spatial extent in LiDAR
space based on a 2D polygon in the camera image. In addition to that, there
are inherent limitations: First, the accuracy suffers from the parallax effect due
to the misalignment of the optical centers of the sensors, especially due to the
close-to-production sensor mounting. The parallax effect is illustrated in Fig-
ure 7.2. Second, annotations are only possible within the shared field of view
between camera and LiDAR sensor, which amounts to roughly 100°. While
object instances detected in the camera image within that range are projected
into LiDAR space and annotated accordingly, the remaining 260° of the Li-
DAR are labeled to be ignored during training to avoid negatively affecting the
optimization process.

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
 

Figure 7.2: The parallax effect is caused by the different locations of the optical centers of the
sensors. The gray area represents the occlusion by the yellow traffic sign in the field of
view of a camera. The red traffic sign is fully occluded in the field of view of the cam-
era, yet detections of a slightly higher mounted LiDAR sensor still capture it. When
LiDAR points are projected into the camera image, the parallax effect causes detection
of objects occluded by the yellow traffic sign in the camera image to be projected onto
it.
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The first baseline, the Shape-Preserving Lifting XD-B1, lifts 2D front-view in-
stance masks into 3D. It assigns a single representative LiDAR depth to each
instance, estimating it by using the 30𝑡ℎ percentile of the depths of the LiDAR
points falling within the respective instance. Selecting the 30𝑡ℎ percentile in-
stead of themean aims tomitigate parallax effects, as background LiDARpoints
may be incorrectly projected onto foreground objects in camera space. In order
to preserve geometric contours of the objects, the lifted instance polygons are
then reprojected into the spherical LiDAR representation.

The second baseline, the Depth-Preserving LiftingXD-B2, uses the 2D seman-
tic instance masks as a lookup table associating instance labels with LiDAR
points. Instead of estimating a single depth, all LiDAR points corresponding
to an instance are used to construct a convex hull. This pseudo labeling mech-
anism prioritizes the accurate retention of depth information for each LiDAR
point within an instance without enforcing a specific shape.

Both baselines apply the same uncertainty mitigation strategies as described
in Section 7.1.1 to reduce false negative annotations. A direct comparison of
the three labeling approaches is presented in Figure A.4. It demonstrates the
advantages of the map-based labeling approach, both in terms of annotation
accuracy and coverage.

7.1.2 Experimental Evaluation

Experiment layout The XD-Map framework is evaluated on three different
tasks: 2D semantic segmentation, 2D panoptic segmentation, and 3D semantic
segmentation. It is benchmarked against two single-shot baseline approaches,
XD-B1 and XD-B2, using the corresponding metrics defined in Section 3.3.3.
In ablation studies, the influence of motion compensation, training sample fre-
quency and map element range on performance is investigated, as these fac-
tors are important for practical considerations in data collection, preprocessing
and downstream applications. Since our labels are not pixels in an individual
image, but generated from mapped geometric primitives in 3D space, motion
compensation impacts the congruence of the labels with the range image. By
comparing all approaches with and without motion compensation, its impact is
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systematically evaluated. For training sample frequency the same notations as
in Section 7.2.2 are used, i.e., fS/1 for 10Hz, fS/5 for 2Hz and fS/20 for 0.5Hz.
The maximum possible range of detected map elements is important for differ-
ent downstream applications. While a higher detection range is beneficial, it
must be balanced with system parameters such as map element size, sensor res-
olution, and backprojection quality. Figure 7.3 illustrates the height and width
of different map elements as a function of their distance to the ego vehicle. It
demonstrates that the spatial extent of objects in the sensor data already be-
comes very small at medium ranges of 50m, especially for the width of traffic
lights and poles. Therefore, XD-MAP performance is evaluated for three max-
imum detection ranges: 30m, 50m, and 70m. Including farther ranges is also
important, as motion compensation might affect farther points more severely.
Thus, the interaction of motion compensation and range is analyzed.

For the 2D input representation, a spherical range image with a resolution of
1812 px × 200 px is used, covering a vertical field of view of approximately
30° and a horizontal field of view of 360°. While the logarithmic intensity is
encoded in one 8-bit channel, two 8-bit channels are used to encode the depth
information. The experiments are conducted using all five sequences and a ge-
ographic split for training and evaluation is applied as described in Section 6.3,
i.e., separation of training and test set by at least 100m.

Models and hyperparameter setting Two architectures are employed,
Mask2Former [CMS22] and Cylinder3D [ZZW21], to evaluate the quality of
the generated labels for 2D and 3D segmentation, respectively.

To evaluate the quality of the generated 2D labels, Mask2Former [CMS22] is
employed as the unified model architecture for both semantic and panoptic seg-
mentation. The model is optimized using AdamW [LH19] with a base learning
rate of 0.0001, a weight decay of 0.05, and gradient clipping set to 0.01 for the
entire model. Group Normalization [WH18] with 32 groups is applied as well
as a backbone learning-rate multiplier of 0.1 to partially preserve the pretrained
feature representations of the ResNet-50 [HZR16] backbone, initialized with
ImageNet [DDS09].
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Figure 7.3: Boxplot of instance height and width in the field of view of the LiDAR as a function
of its distance to the ego vehicle. The blue line symbolizes the constant horizontal
resolution of 0.2°. Even with the high-resolution LiDAR, objects like traffic lights and
poles are in a distance above 50m often not even a pixel in width due to their limited
spatial extent.

To account for themodality differences between range images and RGB images,
RGB-specific augmentations are disabled, and the learning rate multiplier of
the pretrained backbone is increased to 0.4 from 0.1. Random cropping is also
disabled during training due to the already limited input height. The spherical
range images are cropped in height resulting in a 1812 px × 200 px input size,
as regions outside this vertical span contain almost no LiDAR detections.
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For Cylinder3D, the hyperparameters are adopted from the ones used for train-
ing on SemanticKITTI [TDC23], except for the number of epochs. The model
is trained 12 epochs with a batch size of 16. AdamW [LH19] optimizer is used
in combination with a base learning rate of 0.001 and weight decay of 0.01.

7.1.3 Results

2D semantic and panoptic segmentation Table 7.1 summarizes the quan-
titative results for the 2D semantic segmentation and panoptic segmentation
tasks. For configuration parameters not specified, the default configuration is
a maximum element range of 50m and a training sample frequency of 10Hz.
All three map element types are considered as thing classes, while only one
stuff class, i.e., background, exists, which is excluded from the evaluation.
Compared to the single shot baselines XD-B1 and XD-B2, XD-MAP yields
strong performance increases. It improves the mIoU in semantic segmentation
by +27.2 and +19.5 points and the PQth by +21.7 and +19.5 points for XD-B1
and XD-B2, respectively. This is present across all element classes for seman-
tic segmentation. For panoptic segmentation, performance increases can almost
entirely be attributed to higher recognition quality PQth, when compared with
other metrics. Hence, models trained with XD-MAP have much higher preci-
sion and recall of detected elements. This showcases the benefits of a system-
atic approach combining a highly accurate SLAM with the parametric map-
ping of geometric primitives for cross-modal domain adaptation against sim-
pler approaches limited by camera field of view or pseudo-label inaccuracies.
Qualitative results for 2D panoptic segmentation are presented in Figure 7.4
demonstrating the self-supervised cross-modal domain adaptation capabilities
of XD-MAP.

The evaluation with different element ranges presents a lower performance for
higher label element ranges. Between 30m range and 70m, the mIoU for the
semantic segmentation task results in a difference of -3.4, while for the panop-
tic segmentation task it is slightly larger at -8.7 PQth. The main factor here is
the lower recognition quality RQth. The segmentation quality SQth only de-
clines by a small amount, implying the model’s trouble with detecting smaller
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elements appearing due to an increased element range. Another factor con-
tributing to lower performance is decreased training sample frequency. How-
ever, a frequency of 2 Hz decreases mIoU by -0.6 for semantic segmentation
and by -0.4 PQth for panoptic segmentation. This implies that for use cases
with stricter requirements on dataset size, similar performance can be reached
with only a quarter of the storage. In the case of 2D semantic segmentation,
inactive motion compensation leads to steadily decreasing performance across
tasks, with mIoU drops ranging from -0.5 to -2.9. These results further un-
derline the importance of careful dataset curation, including the reduction of
sensor noise when possible.

A further observation is that training Mask2Former for panoptic segmentation
tasks yields a model that also performs slightly better in semantic segmentation
compared to training it directly in a semantic segmentation setup. Table A.7
also shows the semantic segmentation evaluation of the base XD-MAP panoptic

Table 7.1: Quantitative results for the 2D semantic segmentation and panoptic segmentation tasks.
All results are reported in %.

Experiments Mot.
Comp.

Semantic Panoptic
IoUPo IoUTL IoUTS mIoU SQth RQth PQth

Ba
se
lin

e

XD-B1 ✗ 9.6 9.1 9.2 9.3 65.2 7.4 4.8
XD-B2 ✗ 15.0 18.6 17.0 16.9 63.4 11.7 7.4
XD-MAP ✗ 34.7 39.4 29.2 34.4 67.8 35.9 24.4
XD-B1 ✓ 9.9 11.3 8.1 9.8 64.3 8.9 5.8
XD-B2 ✓ 17.9 18.6 16.1 17.5 63.6 12.6 8.0
XD-MAP ✓ 37.1 42.3 31.8 37.0 69.4 39.6 27.5

Ra
ng

e

30 m ✗ 35.4 42.9 30.2 36.2 68.1 41.2 28.1
50 m ✗ 34.7 39.4 29.2 34.4 67.8 35.9 24.4
70 m ✗ 32.5 37.1 29.1 32.9 67.1 33.0 22.1
30 m ✓ 40.0 45.4 31.9 39.1 70.3 47.4 33.4
50 m ✓ 37.1 42.3 31.8 37.0 69.4 39.6 27.5
70 m ✓ 36.4 40.1 30.8 35.7 69.0 35.7 24.7

Fr
eq
. fS/20 ✓ 33.9 38.5 28.4 33.6 68.7 36.1 24.8

fS/5 ✓ 37.4 41.2 30.8 36.4 69.2 39.1 27.1
fS/1 ✓ 37.1 42.3 31.8 37.0 69.4 39.6 27.5
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model and its relative performance increase. This might be due to the additional
supervision signal provided by instance annotations.

3D semantic segmentation Table 7.2 summarizes the quantitative results for
the 3D semantic segmentation task. It shows similar results to the other tasks
with a few notable differences. XD-MAP shows large improvements in mIoU
compared to the single-shot baselines. For both baselines, yet XD-B1 in par-
ticular, many objects remain unlabeled, leading models to predict mostly back-
ground. While increasing the element range again reduces performance, the
decrease is smaller than in 2D. This implies that long-range segmentation ben-
efits from the richer 3D representation of point clouds. In contrast, the absence
of motion compensation leads to a much stronger performance decline, which
could indicate that our 3D labeling is more dependent on a precise alignment of
LiDAR points and HD map to ensure points are located in an object’s frustum.
This highlights that one relative advantage of 2D labeling is its lower sensitivity
to localization, mapping or calibration errors. Qualitative results are presented
in Figure 7.5. It presents that, to the human eye, the prediction appears to sur-
pass the ground truth annotation in a lot of the instances.

Table 7.2: Quantitative results for 3D semantic segmentation. For configuration parameters not
specified, default configuration is [XD-MAP, 10Hz, 50m]. Results are reported in %.

Experiments Mot.
Comp.

Semantic
IoUPo IoUTL IoUTS mIoU

Ba
se
lin

e XD-B1 ✓ 0.5 5.1 17.1 7.6
XD-B2 ✓ 0.5 7.6 26.6 11.6
XD-MAP ✗ 26.8 42.8 30.4 33.3
XD-MAP ✓ 41.4 52.3 38.0 43.9

Ra
ng

e 30 m ✓ 40.5 53.4 38.0 44.0
50 m ✓ 41.4 52.3 38.0 43.9
70 m ✓ 40.2 50.9 37.8 43.0

Fr
eq
. fS/20 ✓ 39.9 50.3 34.1 41.5

fS/5 ✓ 41.6 51.9 37.1 43.5
fS/1 ✓ 41.4 52.3 38.0 43.9
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Intensity Radius Prediction Intensity Radius Prediction

pole traffic sign. traffic light

Figure 7.4: Qualitative 2D prediction results of XD-MAP model, showing panoptic segmentation
predictions for two example scenes from the geo. split evaluation set. For each scene,
the top rows show the 2D input, i.e., intensity and range encoded as a spherical projec-
tion, while the bottom row displays the corresponding panoptic segmentation results.
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7.1 Learning from Maps as a Cross-Modality Domain Adaptation Strategy

(a) Prediction results for 3D semantic segmentation on eval set with geographic split.

pole traffic sign. traffic light

(b) Ground Truth example from the eval set, generated using the XD-Map approach.

Figure 7.5: Qualitative 3D prediction results of XD-MAP model, showing an example of 3D seg-
mentation prediction and corresponding ground truth annotations. Notably, for some
objects, the model’s prediction even appears to surpass the ground truth in visual qual-
ity.
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7.2 Front-View Map Perception

Cameras, with their unique capabilities, are an indispensable sensor modality in
the context of autonomous driving. They are used across a wide range of tasks,
many of which benefit from high-quality annotations in the perspective view.
Therefore, this section applies learning from maps to generate pixel-accurate
annotations for the front-facing camera Cc

FV as sensor modality. Towards this
goal, map elements from the HD maps MEP and MDS are rendered into the
image space. Besides the map elements modeled as geometric primitives, the
resulting label set also includes very large surface features and very fine-grained
road markings, introducing specific challenges for the annotation process and
testing the limits of learning from maps further.

7.2.1 Label Generation

The label rendering process for front-view map perception is nearly identical to
the one presented in Section 7.1.1 for the 2D case. However, some specific con-
siderations arise from camera models with limited projection fields and more
heterogeneous map elements, due to the addition of MDS. In this context, this
section discusses how to mitigate edge cases, annotation artifacts and ensure
annotation fidelity.

Mitigate annotation and projection artifacts Map elements can be anno-
tated in different ways which, if not accounted for, may introduce inconsisten-
cies in the training data and negatively affect learning. For example, polylines
with uneven point spacing can cause annotation-specific artifacts in the train-
ing samples. In addition, wide point spacing that appears linear in BEV may
produce distortions in the perspective view due to projection effects and vary-
ing point heights. To address this, polylines are densely resampled to ensure
a consistent spacing with a maximum of 10 cm between points. Smaller anno-
tation spacings are preserved, yet very rare and typically occur only for very
small map elements. Further artifacts can result from inconsistent labeling of
non-confined map elements in large annotation spaces. Considering long solid
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lines, represented as polygons, annotators often divide them into multiple ad-
jacent segments, sharing a line segment. While this is irrelevant when deriving
semantic segmentation annotations, it may lead to artifacts in instance-level an-
notations. This issue can be mitigated through a post-processing step after the
rendering of map elements in the target sensor space which aims to identify
and merge instances which belong together.

Additional label artifacts can occur during the projection of map elements us-
ing camera models, for example when large surfaces such as roads have corners
located behind the camera that cannot be projected into the image plane in a
pinhole model. As ignoring these element corners can lead to annotation arti-
facts, a reprojecting or resampling strategy is applied to ensure a complete and
meaningful annotation.

Annotation fidelity, map verification and occlusion handling When maps
are used as a supervision signal, the quality of the generated training data de-
pends critically on the accuracy and plausibility of the annotations. Erroneous
labels may result from misalignments between reprojected map elements and
their true position in the sensor data, or from outdated map content. While the
former can be mitigated through precise calibration, localization, and mapping,
the latter can be reduced by frequent map updates or resolved through consistent
map verification before training data generation, as discussed by Pauls [Pau24].
Other implausible annotations can arise from occlusions. In some cases, par-
tially occluded map elements remain meaningful annotations and desired to be
predicted from sensor data. Typical examples are training instances from the
HD map construction task, which were discussed in Chapter 6, i.e., continuous
road borders, lane divider or road topology annotations in a BEV represen-
tation. Even if partially occluded, these elements can be reasonably inferred
from their visible parts or purely from contextual cues, such as a road border
hidden behind parked vehicles. However, there are also more confined map el-
ements whose position or even existence cannot be reasonably inferred if fully
occluded such as traffic signs blocked by a truck or dashed lines obscured by a
construction fence, making their annotation unfavorable.
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A general approach to identify occluded map elements is to leverage depth in-
formation from the sensor data. By comparing the distance of a reprojected
map element with the measured depth along its line of sight, occlusions can be
identified if the deviation is above a certain threshold. In the master’s thesis
by Kirik [Kir20], a stereo-based approach for occlusion handling in the context
of learning from maps is developed, which searches for homogeneous surfaces
in the depth maps that are in the line of sight of a map element. Similarly, the
3D LiDAR annotation pipeline presented in Section 7.1.1 constructs a frustum
for each map element, ensuring that only LiDAR points within the frustum are
assigned the corresponding label.

Within this work, a simple yet effective specialized alternative for occlusion
handling in the context of learning from maps is developed. It is based on two
key observations. First, most occlusions of relevant traffic-scene elements are
caused by objects belonging to dynamic classes such as cars, trucks, or pedes-
trians, regardless of whether they are moving or not. Second, state-of-the-art
perceptionmodels for the autonomous driving domain can detect these dynamic
object classes with high accuracy across different sensor modalities and tasks,
given their high relevance in autonomous driving. Since these dynamic objects
are not part of a static HD map and map elements are typically not transparent,
an arbitrary map element projected into a region where a dynamic object is de-
tected can be considered as occluded. This idea, also presented in [BHS23]∗,
is illustrated in Figure 7.6 for map elements of MDS, using a binary semantic

road sidewalk terrain dashed line solid line other line dyn. obj. unlabeled

Figure 7.6: Examining dynamic occlusion handling by binary semantic mask.
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mask for dynamic objects obtained by Section 4.4.2. It illustrates scenarios in
which road features are fully occluded by dynamic objects, rendering the anno-
tations implausible. In other cases, only parts of a map element are occluded,
yet the visible parts can still be reasonably inferred. This occlusion handling
approach is applied to most perspective-view front-facing camera experiments.

7.2.2 Experimental Evaluation

Experiment layout Similar to Section 7.1.2, the front-viewmap perception is
evaluated on 2D semantic segmentation and 2D panoptic segmentation. How-
ever, the label set is extended compared to the previous section as it also in-
cludes elements from the dense surface mapMDS. An overview of the complete
set of map elements for MDS and MEP is provided in Table A.3 and Table A.4,
respectively. For the panoptic segmentation task, thing classes are represented
by all three parametric map element types, i.e., poles, traffic lights and road
signs, and the three lane marking types, i.e., solid lines, dashed lines and other
lines. The three remaining dense surface elements, i.e., road, sidewalk and ter-
rain, are considered as stuff classes. Additional stuff labels are the background
class and the dynamic occlusion class, both later removed for the mIoU calcula-
tion of the semantic segmentation task. This amounts to a total of 11 semantic
classes, for which six are considered thing and five stuff classes.

In the experiments, the influence of different factors on the segmentation per-
formance is investigated in ablation studies. The base configuration employs
both the dynamic occlusion handling Mdy and the fusion-based ground surface
reconstruction method Gf. This configuration is evaluated on different train-
ing sample frequencies including two multi-drive setups, i.e., fM and fMges. In
addition to that, experiments without dynamic occlusion handling and with la-
bels generated using the stereo-based ground surface reconstruction method are
conducted to examine their influence on performance. Here, a direct compar-
ison between the experiments has to be conducted carefully, as the generated
ground truth labels differ for the evaluation.
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Models and hyperparameter setting For the front-view perception exper-
iments, the same Mask2Former [CMS22] architecture as in Section 7.1.2 is
used to evaluate the quality of the generated labels for 2D semantic and panop-
tic segmentation. The hyperparameters are chosen analogous with only minor
modifications: The adjustments to account for the LiDAR-specific input rep-
resentation are reverted, namely the backbone learning-rate multiplier is set to
0.1, random cropping is enabled and RGB-specific augmentations are applied.
For all experiments, images of the front-view camera Cc

FV are used as input to
the model. As region of interest, a bottom-center crop of 2048 px × 1024 px
from the original image is defined for model input and ground truth annotation.
During the training process, images are further randomly cropped to 1024 px× 512 px for data augmentation. Evaluation is performed on the full 2048 px× 1024 px crop.

Furthermore, the usual geographic data split is applied for training and evalua-
tion, i.e., separation of training and test set by at least 100m. The only exception
is that SQC is excluded from the training due to quality issues in the MDS map.

7.2.3 Results

Figure 7.7 and Figure 7.8 show qualitative examples of the panoptic segmenta-
tion results on the geographically distinct test set using the base model trained
with fS/1 and both Gf and Mdy enabled. It can be observed that even small and
distant elements like traffic lights, traffic signs and various lane marking types
are consistently detected. Quantitative results are summarized in Table 7.3 and
Table 7.4 for the panoptic segmentation and semantic segmentation tasks, re-
spectively. Regarding training sample frequency for the base experiment set-
ting, the results match the trends observed in the previous chapters, with perfor-
mance improving as the frequency increases. Again the geographically-equal-
sampled multi-drive setup fMges achieves the highest performance in both, tasks
outperforming the standard multi-drive setting and improving the mIoU by 2.1
points and the PQ by 1.1 points compared to the single-drive setup fS/1. In
case of panoptic segmentation, the main improvement of it can be attributed to
better recognition quality.
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The gray lines in both tables separate different ground truth types, which can-
not be directly compared or at least only with limitations regarding the gener-
ality of conclusions. Both the different ground surface reconstruction and the
dynamic occlusion handling influence the annotation strategy and label distri-
bution. All experiments are evaluated on the respective ground truth type they
were trained on.

Table 7.3: Quantitative results for panoptic segmentation of front-view images on the geo. split
evaluation set. Models are trained with different combinations of dynamic occlusion
handling, ground surface reconstruction methods, and training sample frequencies. The
use of dynamic occlusion handling and fusion-based ground reconstruction is denoted
by Mdy and Gf, respectively. Gray lines separate distinct ground-truth types, which are
not directly comparable across groups. Results are reported in %.

Parameters Recognition Qual. Segmentation Qual. Panoptic Qual.
Mdy Gf freq. RQst RQth RQ SQst SQth SQ PQst PQth PQ

✗ ✗ fS/1 68.3 28.0 44.1 77.8 70.1 73.2 56.6 19.8 34.5
✓ ✗ fS/1 74.0 27.8 48.8 77.8 70.2 73.6 60.4 19.6 38.2
✗ ✓ fS/1 70.2 26.4 43.9 76.5 70.0 72.6 57.6 18.7 34.2
✓ ✓ fS/40 71.9 18.5 42.8 75.9 67.7 71.4 57.6 12.6 33.1
✓ ✓ fS/20 73.5 23.0 45.9 75.1 68.1 71.3 58.5 15.8 35.2
✓ ✓ fS/5 75.9 27.3 49.4 76.8 69.3 72.7 61.0 19.1 38.1
✓ ✓ fS/1 75.7 28.1 49.8 77.3 69.2 72.9 61.3 19.7 38.6
✓ ✓ fM 76.2 29.0 50.5 77.3 69.6 73.1 61.5 20.4 39.1
✓ ✓ fMges 76.7 30.0 51.2 77.3 69.5 73.0 62.0 21.1 39.7

When comparing the semantic segmentation results, it can be observed that
the base configuration with both Gf and Mdy enabled yields the higher perfor-
mances on the respective ground truth. The improvement is even more pro-
nounced when comparing to the models without dynamic occlusion handling.
Here, it cannot be stated conclusively if the improvement is mainly due to the
fact that more difficult predictions, e.g., road markings behind trucks, are also
included in the ground truth or if more meaningful labels have improved the
supervision. An argument for the latter is that when comparing the base setting
with its counterpart without Mdy all three elevated map element classes also
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show performance increases, while being occluded less frequently. A compar-
ison of two qualitative prediction examples for these two models is shown in
Figure A.5.

Table 7.4: Quantitative results for semantic segmentation of front-view images on the geo. split
evaluation set. Models are trained with different combinations of dynamic occlusion
handling, ground surface reconstruction methods, and training sample frequencies. The
use of dynamic occlusion handling and fusion-based ground reconstruction is denoted
by Mdy and Gf, respectively. Gray lines separate distinct ground-truth types, which are
not directly comparable across groups. Results are reported in %.

Parameters Semantic Segmentation.
Mdy Gf freq. IoURO IoUSW IoUTE IoUDL IoUSL IoUOL IoUTS IoUTL IoUPo mIoU
✗ ✗ fS/1 81.7 28.0 58.0 47.8 32.5 34.4 54.6 52.4 43.7 48.1
✓ ✗ fS/1 81.7 27.9 59.1 48.9 35.4 38.5 55.6 54.3 43.9 49.5
✗ ✓ fS/1 81.7 32.3 57.6 42.8 38.9 36.1 53.0 52.6 44.2 48.8
✓ ✓ fS/20 82.1 34.4 59.0 41.8 37.9 38.3 54.3 51.7 43.3 49.2
✓ ✓ fS/5 83.0 37.0 60.3 43.7 41.5 41.3 54.1 53.2 44.8 51.0
✓ ✓ fS/1 82.0 32.0 59.7 45.3 40.7 40.6 55.3 53.2 44.5 50.4
✓ ✓ fM 84.6 40.8 59.8 45.0 39.3 39.7 57.8 54.5 45.0 51.8
✓ ✓ fMges 85.0 42.2 62.3 45.4 41.0 39.7 57.4 54.9 44.7 52.5

RO: road; SW: sidewalk; TE: terrain; DL: dashed lines; SL: solid lines; OL: other
line markings; TS: traffic signs; TL: traffic lights; Po: poles.
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road sidewalk terrain dashed line solid line other line traf. sign
traf. light pole dyn. obj.

Figure 7.7: Qualitative evaluation of perspective panoptic segmentation. Top to bottom: RGB
image, annotated ground truth, prediction results of panoptic segmentation shown as
semantic masks and full panoptic output. Examples are from the geographically dis-
tinct test set.
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road sidewalk terrain dashed line solid line other line traf. sign
traf. light pole dyn. obj.

Figure 7.8: Qualitative evaluation of perspective panoptic segmentation. Top to bottom: RGB
image, annotated ground truth, prediction results of panoptic segmentation shown as
semantic masks and full panoptic output. Examples are from the geographically dis-
tinct test set.
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7.3 Conclusion

This chapter conducted a comprehensive exploration of training perspec-
tive view map perception models using maps as a supervisory signal. Two
main application scenarios were investigated: First, a framework for fully
self-supervised cross-modal domain adaptation from images to LiDAR via
automatically generated HD maps was presented. In contrast to previous
domain adaptation methods, this approach does not require similar sensor
modalities or overlapping fields of view, enabling knowledge transfer from a
front-view camera, to a 360° LiDAR as target. This method makes knowledge,
encapsulated in richly annotated image datasets, accessible to underrepresented
or specialized sensor modalities, such as LiDAR. Although demonstrated for
three exemplary static object classes, the approach can be extended to arbi-
trary semantic categories, including dynamic objects, if 4D reconstruction is
performed, as discussed in Section 8.2.

Second, the generation of high-fidelity annotations for front-view cameras was
explored, comprising a wide range of map elements, from geometric models to
large surface features and fine-grained roadmarkings. Experiments have shown
that the presented approach can effectively generate pixel-accurate annotations
even for challenging object classes, such as dashed lines or traffic lights. This
also indicates an even broader applicability beyond the representative set of map
elements examined in this work. Overall, the conducted experiments highlight
that learning frommaps is a versatile strategy for training perspective viewmap
perception models across different application scenarios.
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8.1 Conclusion

Regardless of whether an autonomous vehicle aims to localize itself within an
HD map, verify that the map is still up-to-date, or perceive the map informa-
tion on-the-fly from onboard sensors to enable map-less driving: In all cases, a
reliable and powerful map perception is essential.

To scale the training of map perception systems, this work proposed the con-
cept of learning from maps as a strategy to leverage HD maps as supervision
source to train diverse map perception models across tasks and sensor modal-
ities. Although individual aspects of this concept have been applied in prior
works, this dissertation is the first to provide a comprehensive exploration of
learning from maps as a general framework for scalable ground truth genera-
tion in autonomous driving.

Chapter 4 defined the key requirements for datasets that enable the effective
use of HD maps as a supervision source for diverse map perception tasks.
These requirements comprise a high-resolution sensor suite with production-
like mounting positions, accurate calibration and a precise multi-drive SLAM
framework. The presented work successfully applied the process of creating
a multi-drive dataset that completely fulfills these criteria, which then served
as the foundation for generating complementary HD map layers in Chapter 5.
Thesemap layers differ fundamentally in their generation process and contained
map elements, varying in geometric representation, abstraction level, and func-
tional role. The resulting HD maps achieve a centimeter-level precision when
back-projected into the sensor space, allowing to consistently match the back-
projection of tiny map elements with the corresponding sensor measurements.
The included map elements range from physical road borders to higher-level
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features such as lane centerlines and from large surface features like solid line
markings to fine-grained cylindrical traffic lights.

This enables the exploration of learning from maps across different feature rep-
resentations and functional roles, e.g., learning a pixel-wise segmentation of
traffic lights in images or the lane topology in BEV. Chapter 6 conducted a
comprehensive study on how to optimize the training of BEV map perception
models for online HD map construction. By integrating recent advancements
in label generation and definition, it achieved state-of-the-art label quality in
terms of geometric fidelity and inclusion of often overlooked map element cat-
egories, e.g., divider types, crucial for downstream driving tasks. The chapter
concluded that, even with a challenging sensor setup and limited dataset size,
effective training strategies lead to competitive performance in online HD map
construction.

Complementary to the BEV experiments, Chapter 7 extended the concept to
perspective view map perception. It demonstrated that map elements of diverse
geometric representations and functional roles can be effectively exploited as
supervision source for different tasks and sensor modalities in perspective view.
This was first shown in a fully self-supervised cross-modal domain adaptation
framework, transferring knowledge from a richly annotated image dataset to the
LiDAR domain via automatically generated HD maps. A second line of exper-
iments generated high-fidelity, pixel-accurate annotations for front-view cam-
eras, where trained models consistently predict diverse map element classes,
ranging from geometric models to large surface features and fine-grained road
markings.

This thesis demonstrated that learning from maps is an effective approach to
train map perception models across different tasks, representations, and sensor
modalities. The perception models and map elements of the conducted exper-
iments are chosen to span a representative set that fulfills the needs of various
map perception tasks. Hence, learning from maps can be extended naturally to
a much broader range of elements and perception tasks.
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8.2 Outlook

Learning from maps represents a promising step toward scalable autonomous
driving. It facilitates the transition from map-based to less-map or even map-
less driving, extending both coverage and reliability. A natural extension is
the use of foundation models, i.e., neural networks trained on huge amounts of
data with unprecedented generalization capabilities, to refine and improve the
quality of HD map generation or the addition of novel tasks using zero-shot
labeling capabilities. However, there are two even more foundational ideas that
can be built upon this thesis.

Closing the Cycle of Semantic Mapping, Map Verification
and Learning from Maps

While learning perception models from maps imposes the requirement of an
accurate and up-to-date map, the automatic generation of such maps and their
verification requires the capability of detecting map elements from on-board
sensors, i.e., a reliable map perception capability. It is a classical chicken-
and-egg problem, which can initially be resolved through manual annotation of
HD maps or sensor data. Once this foundation is established, a cyclic depen-
dency emerges between the accuracy of mapping, map verification and learn-
ing from maps. More accurate perception models enable more precise maps,
which in turn can be used to generate more accurate training data. While errors
in any component can propagate and potentially amplify through the cycle, a
well-designed framework can aim to turn this dependency into a self-improving
feedback cycle. For example, shortcomings of the perception model, i.e., mis-
classifications or missed detections, can be mitigated by leveraging unlimited
computational resources and extensive sensor data from both multiple sensors
and viewpoints in the mapping stage. While the dissertation of Pauls [Pau24]
addressesmap verification andHu [Hu26] semantic mapping, this work focused
on learning from maps. As a next step, the joint interplay of all three compo-
nents aiming to create the self-improving cycle should be considered.
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Integration in a Wider Framework to Learn from 4D Scene
Representations

By leveraging 3D maps for large-scale supervision, generated ground truth is
restricted to static objects and environment. In order to overcome these limi-
tations, the 3D map representation can be extended into the temporal domain.
The resulting 4D scenario representation is built upon the 3D map, incorporat-
ing next to the 3D shape of objects also their time-varying 6D poses. This al-
lows for the reprojection of both static and dynamic objects into different sensor
modalities, and thus the generation of comprehensive ground truth for a wide
range of tasks. Here, the presented multi-drive SLAM approach is particularly
well suited, as it allows to accumulate multiple recordings of different times in
one 4D scenario representation. Recent works by Qi et al. [QZN21] and Ma
et al. [MYZ23] particularly focus on offboard 3D object detection from point
cloud sequences. Others like Shi et al. [SWZ25] aim for full offboard seman-
tic scene completion and 3D scene reconstruction. Both lines of works would
be potential candidates to be integrated into such a 4D scenario representation
framework.
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A Appendix

A.1 HD Map Layer Composition

Table A.2 supports Figure 2.1 by providing an overview of different HD map
layer compositions. Depending on its application, the map definitions vary in
the number of layers, their semantic meaning and the contained metadata.

A.2 Dataset Statistics

Table A.1 provides additional statistics about the recorded sequences, discussed
in Section 4.3, before and after filtering based on minimum traveled distance
and loop closure. The procedure ensures that the dataset contains scenes with a
similar density of training samples. In total, the filtered dataset contains 62 km
of driven trajectory, and approximately 65 000 sensor frames. Typically, only
the first drive of each sequence covers the full circle, while the subsequent drives
are shorter and contain approximately 60%-80% of the unique road coverage.

Table A.1: Summary of available data frames before and after filtering.

SQ# # frames per drive, initial # frames per drive, selected
SQ□1 SQ□2 SQ□3 SQ□4 SQ□1 SQ□2 SQ□3 SQ□4

SQA 10463 5890 7062 6663 5801 4349 4207 4113
SQB 6462 4888 3687 3627 3918 3100 2701 2731
SQC 6662 3493 2182 2308 4090 2283 945 1875
SQD 5532 3017 4074 2780 4783 2691 3047 2667
SQE 7001 3658 3769 4254 5084 3499 3752 3622
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Table A.2: Definition HDmaps regarding different layer composition. Layer architectures are used
in autonomous driving projects, suggested in conjunction with a corresponding map
framework or were independently presented in research papers.

HD map layer and metadata

Levison et. al.[LAB11], 2011, 2 layers
Probabilistic map: Localization layer consisting of a 2D Gaussian-modeled infrared reflectivity
Road map: Contains traffic signs and other elements

Ziegler et. al. [ZBS14], 2014, 3 layers
Digital road map: Layout of drivable lanelets including lane-relations like merge, yield or stoplines
Point-feature map: Localization layer consisting of dense point-features
Lane-marking map: Localization layer with road features e.g. road markings, curbs, stop lines.s

Aeberhard et. al. [ARB15], 2015, 2 layers
Semantic, geometric layer: Lane geometry and high-level semantic inform. e.g. lane connectivity.
Localization layer: Loc. layer consisting of lane markings and road boundaries.

HERE Technologies [HER], 2017, 3 layers
HD localization model: Loc. layer using roadside objects like guard rails, walls, signs or poles
HD lane model: Precise lane-level details e.g. lane direction, type or boundary, also lane markings
Road model: Understand local insights e.g. high-occupany lanes or country-specific roads

TomTom [Tom18], 2018, 2-7 layers
TomTom HD map: Road rep. featuring lane models and geometry, traffic signs and road furniture.
RoadDNA: Localization layer consisting of six sub-layers: (1) Roadside patterns for LiDAR-based
localization, (2) Traffic signs for camera-based localization, (3) Lane markings along the road-
way for camera-based localization, (4) Roadway objects perceived by radar, (5) Vertical poles for
LiDAR, camera or radar localization, (6) Road surface reflectivity for LiDAR-based localization.

Poggenhans et. al [PPJ18], 2018, 3 layers
Physical layer: Containing the real observable semantic elements
Relational layer: Describes how the elements of the physical layer are connected.
Topological layer Combines elements of the rational layer to a topology graph of passable regions.

Lyft Level 5 [Lyf18], 2018, 5 layers
Base map layer: SD map which includes basic road network data as offered by web map servvices,
Geometric map layer: Rep. of the 3D world by a voxel or ground map, derived from a point cloud.
Semantic map layer: Semantic, physical obj., such as lane boundaries, crosswalks, stop signs, etc.
Map priors layer: Pre-computed partial or interm. results. Bayesian prior prob. about dyn. world.
Real-time Layer: Real-time updated map information.

Elghazaly et. al. [EFH23], 2023, 6 layers
Base map: 3D environment representation made of raw sensor data.
Geometric map: High-precision lane-level geometric primitives.
Semantic map: Semantic information about road features incl. traffic lights, road signs, crossings.
Road connectivity: Defines connection between geometric primitives.
Priors map: Experience information from past rides including temporal changes etc.
Real time map: Real time updated map information.
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A.3 Definition of Label Set with Class Priority

Table A.3 and Table A.4 provide an overview of the label sets used for annota-
tion of MDS and MEP. Each class is associated with a priority value 𝕡𝕔 defining
its annotation hierarchy. While MDS is annotated manually and requires a strin-
gent label definition, MEP is generated fully automatically and its semantic def-
inition is based on the employed detection model. In this work, the respective
model Seamseg [PBC19] was trained on [KL21], as described in Section 4.4.2.

Table A.3: Label set of ground surface features map MDS and corresponding class priority 𝕡𝕔
indicating their annotation hierarchy. More details about the definition and annotation
process can be found in [Sch21], a master thesis supervised by the author.

Name 𝕡𝕔 Description

road 1 Areas intended as drivable space for vehicles, including all
lanes and road types. Areas separated from lanes by mark-
ings, e.g., bike lanes or parking areas, are also included.

sidewalk 1 Areas intended for pedestrians and cyclists, separated from
the road by physical structures such as curbs, usually elevated
and located alongside the road. The class also includes traffic
islands and pedestrian zones.

terrain 1 All other area types not used for regular traffic participants,
such as grass, forests, or isolated parking lots. This class also
includes curbs.

dashed
line

3 Dashed line markings, e.g., dashed lane dividers which may
run parallel or perpendicular to the driving direction.

solid line 4 Solid line markings, e.g., solid lane dividers aligned with the
direction of travel, excluding stop lines.

other
markings

2 All other road markings such as arrows, symbols, or stop
lines. If the marking has a clear shape, e.g., a line or arrow,
the exact contour is annotated; otherwise, the convex hull is
used.

unlabeled 0 All remaining areas, not defined by any of the other classes.
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Table A.4: Label set of semantically tailored traffic element map MEP and corresponding class
priority 𝕡𝕔. There are two color themes: c1, used when also including ground surface
features, is similar to Cityscapes [COR16], and c2, designed for maximum distinc-
tiveness with only three classes present. Detailed information about the modelling,
optimization and mapping process can be found in [Hu26].

c1 c2 Name 𝕡𝕔 Geometric representation

traffic sign 2 Modeled as planar surface, i.e., rectangle, triangle, cir-
cle or arbitrary polygon.

traffic light 1 Modeled as cylindrical object.
pole 3 Modeled as cylindrical object.

A.4 Definition of Voronoi Diagrams

Voronoi diagrams [Aur91] partition a plane into segments based on the distance
to a set of seed points. Each segment, called Voronoi cell, is associated to
one seed point and each point in the segment is closer to its seed point than to
any other seed point. Consequently, the segment borders are equidistant to the
closest seed points, making them a natural fit for elements like centerlines if
seed points are sampled on road borders.
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A.5 Results of Online HD Map Construction on
Overlap Split

The overlap evaluation split purely consists of scenes that are also represented
within drives in the training set. However, the same sensor recordings, i.e.,
same drive of the same scene, are never used for both training and evaluation.

Qualitative prediction examples of the base model are shown in Figure A.1 and
Figure A.2. Table A.5 shows the performance of online HD map construction
models on the overlap split across different input resolutions and training sam-
ple frequencies. Both qualitative and quantitative performance on the overlap
split is significantly higher than on the geographically distinct split, as expected.

Table A.5: Quantitative results of online HD map construction on overlap split, along two exper-
imental dimensions evaluated, sensor setup and frequency of training samples. The
scaling factor of the input images is indicated in the resolution column as indices, e.g.,
r5 corresponds to a scale factor of 0.5 and an image input resolution of 1500 px× 750 px.

Parameter Average Precision on overlap split
Reso. Freq. APbou APcen APdsh APsol mAP

Se
tu
p

r15 fS/1 0.606 0.521 0.529 0.446 0.525
r2 fS/1 0.658 0.548 0.569 0.515 0.573
r3 fS/1 0.711 0.579 0.621 0.555 0.617
r4 fS/1 0.715 0.583 0.616 0.564 0.619
r5 fS/1 0.707 0.575 0.593 0.542 0.604
r6 fS/1 0.727 0.598 0.610 0.561 0.624
r7 fS/1 0.724 0.593 0.607 0.561 0.621
r8 fS/1 0.733 0.587 0.591 0.532 0.611

Fr
eq
ue
nc
y

r5 fS/40 0.517 0.417 0.372 0.253 0.390
r5 fS/20 0.573 0.470 0.437 0.355 0.459
r5 fS/5 0.677 0.558 0.568 0.507 0.577
r5 fS/1 0.707 0.575 0.593 0.542 0.604
r5 fMges 0.772 0.629 0.671 0.621 0.673
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Prediction

Ground truth

Prediction Ground truth

boundary centerline dashed line solid line

Figure A.1: Example of HD map construction performance on the overlap split. Top: Predicted
map instances overlaid on the surround-view camera images. Middle: Ground truth
map instances overlaid on the surround-view camera images. Bottom left: Predicted
map instances in BEV. Bottom right: Ground truth map instances in BEV.
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Prediction

Ground truth

Prediction Ground truth

boundary centerline dashed line solid line

Figure A.2: Example of HD map construction performance on the overlap split. Top: Predicted
map instances overlaid on the surround-view camera images. Middle: Ground truth
map instances overlaid on the surround-view camera images. Bottom left: Predicted
map instances in BEV. Bottom right: Ground truth map instances in BEV.
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A.6 Results of Online HD Map Construction for
Different Noise Patterns

Table A.6 shows the results of the robustness study regarding the localiza-
tion noise patterns Ramp, Gaussian, and Perlin, as modelled and described in
[BMF25]†. The results are reported on the geo.-split test set using the base
model with input resolution r5 and training sample frequency fS/1. While 𝜖𝐿
and 𝜖𝑅 are the maximum translation and angular error, 𝜎𝐿 and 𝜎𝑅 are the stan-
dard deviations of the Gaussian noise in translation and rotation, respectively.ℎ𝑐 is a boolean indicating whether a heading correction is applied for the Ramp
noise type and 𝑑𝑓 is the division factor of the Perlin noise. All further param-
eters are chosen as in [BMF25]†. Overall the results mimic those observed
by Blumberg et al. The system is quite robust towards small localization noise
levels and starts to degrade especially if angular noise is introduced.

Table A.6: Online HD map construction results for the noise patterns Ramp, Gaussian, and Perlin.
The three error types are modeled as described in [BMF25]†.

Noise Parameter Average Precision
APbou APcen APdsh APsol mAP vs.ba.

Ra
m
p

𝜖𝐿 𝜖𝑅 ℎ𝑐
2.0 0.0 ✓ 46.3 30.1 19.9 14.5 27.7 -1.2
2.0 1.0 ✓ 43.7 31.0 20.0 12.5 26.8 -2.1
4.0 1.0 ✓ 40.3 28.0 20.1 11.6 25.0 -3.9

G
au

ss
ia
n 𝜎𝐿 𝜖𝑅 𝜎𝑅0.5 0.0 0.0 46.1 30.0 19.0 13.9 27.3 -1.60.5 6 2.0 47.3 25.4 18.9 12.6 26.0 -2.90.5 10 3.0 41.8 16.2 12.2 8.3 19.6 -9.3

Pe
rli
n

𝜖𝐿 𝜖𝑅 𝑑𝑓
1.0 0.0 1000 46.3 32.7 21.0 15.1 28.8 -0.1
1.0 0.5 1000 45.2 32.5 21.1 15.1 28.5 -0.4
4.0 2.0 1000 37.2 23.0 14.6 13.3 22.0 -6.9

base 47.0 31.5 19.5 17.8 28.9 -
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A.7 Example of Localization Issues

In most cases, the initial SLAM-framework delivers a highly accurate and con-
sistent pose graph. However, in rare occasions, such as in the event of the
turning maneuver shown in Figure A.3, the SLAM can fail to provide accurate
poses. In the shown example the estimated turning rate is too low, resulting
in a temporary drift which is corrected after the turn is completed. Although,
the drift is only temporary, this behavior is critical for the automatic semantic
mapping process described in Section 5.6, which lead to the decision to switch
to the multi-modal, continuous-time trajectory SLAM approach described in
Section 4.4.5.

road sidewalk terrain dashed line solid line other line dyn. obj. unlabeled

Figure A.3: A pose drift occurs during a turning maneuver, leading to misalignment between the
back-projected map elements and the corresponding sensor data.

A.8 Ground Truth Comparison for Different
Cross-modal Domain Adaptation

Figure A.4 illustrates the differences in annotations between XD-MAP and two
baseline approaches, XD-B1 and XD-B2. In contrast to the baselines, XD-Map
provides a more complete 360° annotation which preserves geometric details
of the map elements, thanks to the tailored modeling and mapping process.
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Intensity Radius XD-MAP XD-B1 XD-B2

pole traffic sign. traffic light

Figure A.4: Comparison of pseudo ground-truth annotations for 2D segmentation. Shown are an-
notations generated using the XD-MAP approach and two baseline methods, XD-B1
and XD-B2. The top row shows the input intensity and range encoded as spherical
projections, while the bottom row shows the corresponding pseudo ground-truth an-
notations.
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A.9 Semantic Segmentation Performance of
Panoptic Models

Table A.7 compares the semantic segmentation performance of two models
with identical architectures: one trained using panoptic labels and the other
trained directly with semantic segmentation labels. Across most configura-
tions and training runs, the model trained for the panoptic task achieves slightly
higher performance when evaluated on semantic segmentation labels. Improve-
ments in these cases are highlighted in green.

Table A.7: Comparison of semantic segmentation performance of models trained on using panop-
tic labels and semantic segmentation labels. Left are the panoptic models of table 7.1
evaluated on semantic segmentation labels. Right is their performance in comparison
of corresponding models which are directly trained on semantic segmentation labels.

Experiments Mot.
Comp.

Panoptic Experiments Diff. to Semantic Experiments
IoUPo IoUTL IoUTS mIoU IoUPo IoUTL IoUTS mIoU

Ba
se
lin

e

XD-B1 ✗ 7.0 11.0 10.9 9.6 -2.6 +1.9 +1.7 +0.3
XD-B2 ✗ 11.0 14.8 15.0 13.6 -4.0 -3.8 -2.0 -3.3
XD-MAP ✗ 35.6 40.0 30.7 35.4 +8.2 +2.5 +1.3 +4.0
XD-B1 ✓ 3.9 13.2 8.2 8.4 -6.0 +1.9 +0.1 -1.4
XD-B2 ✓ 4.1 16.1 13.2 11.1 -13.8 -2.5 -2.9 -6.4
XD-MAP ✓ 39.6 39.9 32.6 37.4 +2.5 -2.4 +0.8 +0.4

Ra
ng

e

30 m ✗ 36.2 42.7 32.3 37.1 +0.8 -0.2 +2.1 +0.9
50 m ✗ 35.6 40.0 30.7 35.4 +0.9 +0.6 +1.5 +1.0
70 m ✗ 34.8 38.6 29.7 34.4 +2.3 +1.5 +0.6 +1.5
30 m ✓ 41.7 44.4 33.7 39.9 +1.7 -1.0 +1.8 +0.8
50 m ✓ 39.6 39.9 32.6 37.4 +2.5 -2.4 +0.8 +0.4
70 m ✓ 37.8 39.7 30.3 35.9 +1.4 -0.4 -0.5 +0.2

Fr
eq
. 0.5 Hz ✓ 35.7 37.1 29.2 34.0 +1.8 -1.4 +0.8 +0.4

2 Hz ✓ 38.7 40.4 32.1 37.0 +1.3 -0.8 +1.3 +0.6
10 Hz ✓ 39.6 39.9 32.6 37.4 +2.5 -2.4 +0.8 +0.4
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A.10 Perspective View Segmentation Results with
and without Dynamic Occlusion Handling

Figure A.5 shows two prediction examples for models trained with and without
dynamic occlusion handling. The images illustrate two scenes from the geo.-
split test set.

road sidewalk terrain dashed line solid line other line traf. sign
traf. light pole dyn. obj.

Figure A.5: Qualitative evaluation of dynamic occlusion handling. Two prediction examples are
shown for a model trained with dynamic occlusion handling and without. Top to
bottom: RGB image, prediction results of model trained with dynamic occlusion han-
dling, prediction results of model trained without dynamic occlusion handling. Both
examples are from the geo.-split test set.
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