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Zusammenfassung

Menschliches Versagen ist nach wie vor die häufigste Ursache für
tödliche Verkehrsunfälle [46]. Durch die Minimierung menschlicher
Eingriffe im Straßenverkehr sollen autonome Fahrzeuge Verkehrs-
unfälle reduzieren und ein sichereres Transportmittel bieten. Um

sich zuverlässig in einer Umgebung zu bewegen, müssen autonome Fahrzeuge ihre
genaue Position kennen. Ohne genaue Lokalisierung sind die Trajektorienplanung
und Hindernisvermeidung nicht möglich, was schwerwiegende Folgen haben kann.

Obwohl die Lokalisierung in der Regel mithilfe globaler Navigationssatelliten-
systeme erfolgt, ist die Verfügbarkeit von verlässlicher Satellitenkommunikation in
Gebieten mit Wolkenkratzern sowie in Tunneln und Parkhäusern eingeschränkt.
Daher müssen autonome Fahrzeuge in der Lage sein, ihre eigene Position und Aus-
richtung ausschließlich anhand von Bordsensoren und zuvor aufgezeichneten Kar-
ten der Umgebung zu ermitteln. Die Lokalisierung und Kartierung erfolgt in der
Regel mit Kameras oder LiDAR-Sensoren. Kameras werden jedoch durch schlech-
te Lichtverhältnisse und widrige Wetterbedingungen beeinträchtigt, was die Lo-
kalisierung erheblich verschlechtert. Die Leistungsfähigkeit von LiDAR-Sensoren
hängt ebenfalls von Wetterbedingungen ab und wird negativ von starkem Re-
gen, Nebel und Schnee beeinflusst. Radarsensoren, die bereits heute in Serien-
fahrzeugen verfügbar sind, sind unempfindlich gegenüber veränderten Lichtver-
hältnissen und Wetterbedingungen. Darüber hinaus liefern Radarsensoren auch
Geschwindigkeitsinformationen und den Radarquerschnitt der erfassten Objekte,
die zur Verbesserung der Lokalisierung und Kartierung genutzt werden können.
Der Nachteil ist jedoch, dass Radarsensoren eine Punktwolke ausgeben, die im
Vergleich zu LiDAR-Daten spärlich und verrauscht ist, was zu Herausforderungen
bei der sensorbasierten Posen-schätzung führt. Obwohl es bereits einige Arbeiten
zur Lokalisierung und Kartierung auf Basis von Punktwolken gibt, stoßen diese
Methoden bei starkem Rauschen und der geringen Anzahl von Punkten in Radar-
punktwolken an ihre Grenzen. Darüber hinaus nutzen sie nicht die spezifischen
Informationen der Radarsensoren, wie die gemessenen Dopplergeschwindigkeit
und Radarquerschnitte von Objekten, aus.
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In dieser Arbeit erweitern wir die Möglichkeiten der Radarlokalisierung und
Kartierung für autonome Fahrzeuge, indem wir neuartige und wirkungsvolle Tech-
niken einführen, die speziell für Radarsensoren entwickelt wurden. Wir beginnen
mit der Schätzung der Position des Fahrzeugs und erstellen im Laufe der Zeit
eine Karte der Umgebung. Um dies zu erreichen, entwickeln wir neuartige Al-
gorithmen, welche die spärliche Beschaffenheit von Radarpunktwolken und die
damit verbundenen Dopplergeschwindigkeiten nutzen und zu genaueren Positi-
onsschätzungen führen. Aufgrund der geringen vertikalen Auflösung von Radar-
sensoren stellen wir fest, dass sich die Lokalisierungsgenauigkeit bei Höhenän-
derungen verschlechtert. Um diese Einschränkung zu bewältigen, schlagen wir
einen Ansatz vor, der die Radareigenschaften nutzt, um Merkmale der Straße
zu extrahieren und so die Genauigkeit bei Neigungsänderungen zu verbessern.
Wir verbessern die Genauigkeit der Position weiter, indem wir eine zusätzliche
inertiale Messeinheit in das System integrieren. Diese Strategien erzielen zwar
kurzfristig eine hohe Genauigkeit, jedoch können sich Fehler über lange Strecken
akkumulieren, was zu Inkonsistenzen in großflächigen Karten führt. Daher ent-
wickeln wir ein radarspezifisches Modul, das eine Ortserkennung durchführt, um
bereits zuvor besuchte Orte zu identifizieren. Wir integrieren diese Informatio-
nen in ein neuartiges radar-inertiales System zur simultanen Lokalisierung und
Kartierung, wodurch eine genaue Posen-Schätzung erreicht wird und konsistente
Karten erstellt werden. Um verschiedene Bereiche des befahrbaren Gebiets zu un-
terschiedlichen Zeitpunkten aufzuzeichnen und zu kombinieren, schlagen wir ein
Multi-Session-Kartierungssystem vor, das mehrere Karten zusammenführt. Unser
Ansatz berücksichtigt dabei auch zeitliche Veränderungen in der Umgebung, wie
geparkte Autos und Neubauten. Dies ist entscheidend für die Aufrechterhaltung
einer langfristigen, genauen Darstellung der Umgebung. Darüber hinaus ist un-
sere Methode in der Lage, sich innerhalb zuvor aufgezeichneter Radarkarten mit
minimalem kumulativem Fehler genau zu lokalisieren.

Abschließend lässt sich festhalten, dass unsere Ansätze zu wesentlichen Fort-
schritten und der Verbesserung des Standes der Technik für die Lokalisierung und
Kartierung mittels Radarsensoren beitragen. Darüber hinaus stellen wir eine der
ersten Methoden zur Ortserkennung vor, die speziell auf Radarsensoren für au-
tonome Fahrzeuge zugeschnitten ist und auf verschiedene Datensätze übertragen
werden kann. Außerdem stellen wir eine der ersten Techniken zur langfristigen
Kartenerstellung, Kartenwartung und Lokalisierung vor. Alle in dieser Arbeit
vorgestellten Ansätze wurden anhand öffentlicher Datensätze evaluiert und in
begutachteten Konferenzbeiträgen und Zeitschriftenartikeln veröffentlicht. Eini-
ge unserer Methoden wurden auch als Open-Source-Software veröffentlicht, wo-
durch insgesamt die Möglichkeit zur sicheren Lokalisierung und Kartierung für
autonome Fahrzeuge unter Verwendung von Radar verbessert wird.
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Abstract

Human error remains the leading cause of road fatalities [46]. By min-
imizing human intervention behind the wheel, autonomous vehicles
aim to reduce traffic accidents and provide a safer means of trans-
portation. These vehicles must know their precise location to navi-

gate reliably within an environment. Without accurate localization, trajectory
planning and obstacle avoidance systems will have an incorrect estimate of the
vehicle’s state, potentially leading to a collision.

Although localization is commonly achieved using global navigation satellite
systems, satellite visibility is limited in areas with tall skyscrapers and indoor
settings such as tunnels and parking garages. Therefore, autonomous cars also
need the ability to estimate their own position and orientation solely leveraging
local sensing and previously recorded maps of the environment, without relying
on satellite availability. Onboard localization and mapping are typically achieved
using cameras or LiDAR sensors. Cameras, however, are affected by low light
and adverse weather conditions, and the performance of LiDARs degrades in chal-
lenging weather scenarios such as heavy rain, fog, and snow. On the contrary,
radar sensors are resilient to environmental conditions and are already integrated
into consumer vehicles today. Additionally, automotive radars also provide ve-
locity information and the radar cross section of the measured targets, which can
be leveraged to enhance localization performance. As a downside, these sensors
produce a sparse and noisy point cloud compared to LiDAR data, resulting in
challenges for sensor-based pose estimation. Although some works on radar local-
ization and mapping already exist, these methods face limitations at high noise
levels and with the limited number of points present in radar scans. Moreover,
they do not exploit the specific properties of radar sensing.

In this thesis, we push the boundaries of radar localization and mapping for
autonomous vehicles by introducing novel and impactful techniques specifically
designed for automotive radar sensors. We begin by estimating the pose of the
vehicle and creating a map of the environment over time. To achieve this, we
propose novel algorithms that exploit the sparsity of automotive radar scans and
their associated Doppler velocities, yielding accurate pose estimates. Due to the
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low vertical resolution of automotive radars, we observe that localization perfor-
mance degrades when there are changes in elevation. To address this limitation,
we propose an approach that exploits the radar properties to extract road fea-
tures, enhancing accuracy during slope variations. We further improve pose esti-
mation performance by introducing an additional inertial measurement unit into
the system. While these strategies achieve high short-term accuracy, errors can
accumulate over long trajectories, leading to inconsistencies in large-scale maps.
Therefore, we develop a radar-specific module that performs place recognition
to identify previously visited locations. We integrate this information within a
novel radar-inertial simultaneous localization and mapping system, achieving ac-
curate online pose estimation and producing consistent maps. To record and
combine different regions of the drivable area at various points in time, we pro-
pose a multi-session mapping system that merges multiple maps. Our proposed
approach also accounts for temporal changes in the environment, such as parked
cars and new constructions. This is crucial for maintaining a long-term, accurate
representation of the environment. Moreover, our technique accurately localizes
within previously recorded radar maps with minimal accumulated error.

Our proposed estimation approaches achieve state-of-the-art results on auto-
motive radar data. Additionally, we present one of the first place recognition
methods explicitly tailored for automotive radar sensors, capable of generalizing
to different datasets. We also present one of the first long-term map construc-
tion and localization techniques for automotive radars. All of our approaches
have been evaluated on public datasets and have been published in peer-reviewed
conferences and journals. Some of our methods have also been open-sourced,
collectively enhancing the capabilities of safe localization and mapping for au-
tonomous vehicles using radar.
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Mathematical Notation

To improve readability, we collect here the most common notations that will
be used in this thesis. Further notation specific to a particular chapter will be
defined within that chapter.

General Notation

a A scalar, used for indexing and parameters
A A scalar, used for denoting dimensions
a A column vector
A A matrix, used for denoting generic matrices
T A matrix, used for denoting homogeneous transformations in SE(3)

R A matrix, used for denoting rotations in SO(3)

∥·∥ The L2 norm of a vector
S A set
|S| The cardinality of a set

Geometry Notation

{F} A three-dimensional coordinate frame
Fa A vector a expressed in {F}
FvA The linear velocity of the origin of frame {A} expressed in {F}
FωA The angular velocity of the origin of frame {A} expressed in {F}
FaA The linear acceleration of the origin of frame {A} expressed in {F}
SO(3) The special orthogonal Lie group used to represent 3D rotations
so(3) The Lie algebra associated with SO(3)

SE(3) The special Euclidean Lie group used to represent 3D transformations
se(3) The Lie algebra associated with SE(3)

(·)∧ The skew-symmetric operator, used to map a vector within R3 to its
matrix form in so(3) or a vector within R6 to its matrix form in se(3)
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Chapter 1

Introduction

In 2024 alone, around 19,800 people were killed in traffic accidents in the
European Union [46]. This tragic figure highlights the human toll paid
on European roads each year. While there is a wide variety of causes of
these traffic fatalities, the vast majority are attributable to human factors,

including distractions during driving, speeding, and fatigue [186].
Autonomous vehicles have the transformative potential to mitigate human

error by minimizing human intervention while driving, which can lead to an
increase in safety and a reduction in road fatalities. To achieve that, autonomous
cars must operate safely and reliably in all possible conditions. This requires the
ability to perceive the environment and accurately estimate their own position
and orientation. Similar to how humans localize in a scene, an autonomous
vehicle must know its precise location relative to its surroundings. Without it,
the vehicle’s predicted motion may be incorrect, potentially causing it to leave
the road or to collide with pedestrians and other vehicles.

Although localization can be achieved using global navigation satellite sys-
tems (GNSS), this requires satellite visibility, which can degrade in environments
with tall skyscrapers, dense foliage, tunnels, and indoor parking lots. As a result,
an autonomous vehicle should not rely solely on global positioning techniques
during operation, calling for pose estimation methods that leverage local sensor
measurements. The problem of estimating the pose of a vehicle in an unknown
environment without external signals is referred to as simultaneous localization
and mapping, or in short, SLAM. It provides an estimate of the vehicle’s trajec-
tory and a map of its surroundings. This map can be exploited in the future to
improve the accuracy of a localization system, and thus, it should contain reliable
information that can be used for pose estimation.

In addition to a reliable pose estimation mechanism for safe autonomous driv-
ing, it is crucial to have a robust sensor setup, which must be carefully selected
to cover all weather conditions, ranging from sunny days to heavy snowfall.
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Figure 1.1: Visualization of sensor data and the car trajectory in a typical highway setting
under adverse weather. Camera images are dark and blurry, with other cars barely visible.
LiDAR artifacts are also present due to the laser reflections with water drops. Radar, however,
remains unaffected by the adverse weather but produces a sparse and noisy point cloud.

Diverse weather scenarios, however, have different effects on each sensor.
While some autonomous driving solutions [80] have focused on camera-centric
techniques, this provides low levels of redundancy within the system and faces
limitations in low-light and bad-weather conditions. In addition, individual cam-
eras do not provide depth information, and stereo cameras are bulky to mount
around the vehicle. To circumvent this problem, others [138] have also integrated
light detection and ranging sensors (LiDARs) into their vehicles, which, despite
their high measurement accuracy, are expensive to manufacture. Furthermore,
LiDARs are not robust to bad weather, resulting in camera-LiDAR systems not
being resilient to such scenarios. This is illustrated in the scenario from the
truckScenes dataset [50] in Figure 1.1, where reduced visibility and heavy rain
noticeably degrade camera and LiDAR sensor measurements. Automotive radars,
on the contrary, offer high resilience to bad weather and low-lighting scenarios,
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1. Introduction

with low prices and compactness of the sensor. Radars can serve as a comple-
mentary sensor to cameras to cover the full spectrum of driving scenarios. Nev-
ertheless, to fully leverage their potential, it is essential to address the inherent
noise and sparsity of their output point cloud, which underscores the necessity for
radar-specific methods in pose estimation and mapping for autonomous vehicles.

In this thesis, we focus on the problem of localization and mapping leveraging
automotive radar sensors, which are already present in consumer vehicles today.
Our contributions are threefold: (i) we push the capabilities of automotive radars
to perform pose estimation of an autonomous vehicle; (ii) we construct radar maps
of the environment that can be leveraged for navigation when a place is being
revisited; and (iii) we merge and maintain maps of coinciding regions over longer
periods of time, handling temporal changes from moving objects and varying
environments. All the methods presented in this thesis have been published in
peer-reviewed international conferences and journals, and some have been made
available as open-source software.

The thesis is organized as follows. In Chapter 2, we introduce the basic tech-
niques supporting the understanding of this work, including the working princi-
ples of automotive radars, a brief summary of relative body motion, an outline of
the least-squares problem, and how it is useful for solving optimization problems
in SLAM. We also present the main characteristics of SLAM systems and how
they can be evaluated. In Chapter 3, we review existing work relevant to the
problem of pose estimation and mapping addressed in this thesis. In Chapter 4
and Chapter 5, we focus on the challenge of relative pose estimation, where the
ego-motion of the vehicle is estimated within consecutive radar measurements.
In Chapter 6, we address the problem of loop closure detection and place recog-
nition, where a pre-recorded map database is employed to identify revisited lo-
cations. In Chapter 7, we combine the learnings from our previous chapters and
integrate an inertial measurement unit into a system that performs large-scale
pose estimation and mapping. Then, Chapter 8 introduces a long-term mapping
and localization pipeline that combines multiple maps created at different times,
identifies temporal changes between them, and exploits this information to per-
form accurate pose estimation. Finally, Chapter 9 summarizes the contents of
this thesis and presents possible directions of future research within the field of
automotive radar localization and mapping.

1.1 Main Contributions
This thesis provides contributions across key areas of radar localization and map-
ping, including pose estimation, map construction, and map processing. These
contributions have been validated in real driving scenarios and demonstrate prac-
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1.1. Main Contributions

tical relevance within the automotive radar domain. The following section sum-
marizes the main achievements of this thesis and highlights how they extend the
state of the art in autonomous driving and robotics.

The first contribution, introduced in Chapter 4, is related to online pose esti-
mation and mapping solely relying on radars [26]. We develop a state-of-the-art
approach for online radar pose estimation and map construction that leverages
the Doppler velocities provided by radar sensors. We also handle the sparsity and
noise from the radar output to construct accurate radar maps. We demonstrate
on real data that our approach successfully leverages the additional informa-
tion provided by automotive radars to improve pose estimation performance and
achieves LiDAR-level pose estimation accuracy.

The second contribution of this thesis is done in close collaboration with
Franz Kaschner, and is presented in Chapter 5. It addresses the vertical drift
produced by the limited elevation resolution of automotive radars [25]. Our ap-
proach leverages the ground plane information to improve the ego-motion esti-
mation in the vertical axis, achieving state-of-the-art performance comparable to
that of LiDAR-based approaches.

Our third contribution, introduced in Chapter 6, is in the context of radar
place recognition [24]. Our method identifies coinciding locations from sparse and
noisy radar scans, achieving state-of-the-art results on real-world driving data.
While existing techniques rely on scan aggregation and image-based projection to
mitigate radar sparsity, our approach is designed specifically to target automo-
tive radar data. In addition, our method achieves a remarkably low-dimensional
scan descriptor with minimal storage requirements. Our place recognition ap-
proach further enables radar loop closure detection and multi-session mapping
with automotive radar sensors.

Our fourth contribution, presented in Chapter 7, combines our learnings of
radar-only odometry and place recognition into a full SLAM system to correct
accumulated drift [28]. Moreover, while our previous contributions focused on
fully exploiting the capabilities of automotive radars for pose estimation, in this
chapter, we add an additional inertial measurement unit to further enhance the
accuracy of our pose estimates. Additionally, we focus on having a modular archi-
tecture with independent odometry, loop detection, and global pose optimization
that achieves accurate large-scale trajectory estimates. Our approach achieves
state-of-the-art results on radar-inertial SLAM, and is open-source, facilitating
further research in the field.

Our fifth contribution, introduced in Chapter 8, presents the first framework
to date that performs multi-session map alignment, map maintenance, and lo-
calization, within automotive radar maps [27]. Our multi-session mapping ap-
proach is able to successfully align trajectories recorded at different times, and
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1. Introduction

our map maintenance procedure identifies changes in the environment associated
with moveable objects or noise. Furthermore, we develop an approach to localize
within these maintained maps, resulting in improvements in the pose estimation
performance compared to existing LiDAR localization approaches.

In sum, this thesis presents five contributions associated with localization and
mapping for autonomous vehicles using automotive radars that have also been
published in five papers. Each of them is targeted at specific components of
a SLAM pipeline, where the autonomous vehicle estimates its own pose, con-
structs a map of the environment, and localizes within the map over long periods
of time. All methods presented in this work are tested on radar data collected us-
ing automotive radar sensors, and are designed to be leveraged within real-world
autonomous driving scenarios.

1.2 Publications
Parts of this thesis have been published in the following peer-reviewed conference
and journal articles:

• D. Casado Herraez, M. Zeller, L. Chang, I. Vizzo, M. Heidingsfeld, and
C. Stachniss. Radar-Only Odometry and Mapping for Autonomous Vehi-
cles. In Proc. of the IEEE Intl. Conf. on Robotics & Automation (ICRA),
2024. DOI: 10.1109/ICRA57147.2024.10610311

• D. Casado Herraez, L. Chang, M. Zeller, L. Wiesmann, J. Behley, M. Hei-
dingsfeld, and C. Stachniss. SPR: Single-Scan Radar Place Recognition.
IEEE Robotics and Automation Letters (RA-L), 9(10):9079–9086, 2024.
DOI: 10.1109/LRA.2024.3426369

• D. Casado Herraez, F. Kaschner, M. Zeller, D. Muhle, J. Behley, M. Heid-
ingsfeld, D. Cremers, and C. Stachniss. Ground-Aware Automotive Radar
Odometry. In Proc. of the IEEE Intl. Conf. on Robotics & Automation
(ICRA), 2025. DOI: 10.1109/ICRA55743.2025.11128161

• D. Casado Herraez, M. Zeller, D. Wang, J. Behley, M. Heidingsfeld, and
C. Stachniss. RaI-SLAM: Radar-Inertial SLAM for Autonomous Vehicles.
IEEE Robotics and Automation Letters (RA-L), 10(6):5257–5264, 2025.
DOI: 10.1109/LRA.2025.3557296

• D. Casado Herraez, M. Zeller, D. Wang, J. Behley, M. Heidingsfeld, and
C. Stachniss. Multi-Session Mapping and Long-Term Localization for Au-
tonomous Vehicles Using Radar. IEEE Robotics and Automation Letters
(RA-L), 11(3):2522–2529, 2025. DOI: 10.1109/LRA.2026.3653332
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In addition, this thesis has contributed to projects on automotive radar per-
ception and SLAM published in the following peer-reviewed conference and jour-
nal articles:

• M. Zeller, D. Casado Herraez, J. Behley, M. Heidingsfeld, and C. Stachniss.
Radar Tracker: Moving Instance Tracking in Sparse and Noisy Radar Point
Clouds. In Proc. of the IEEE Intl. Conf. on Robotics & Automation (ICRA),
2024. DOI: 10.1109/ICRA57147.2024.10610198

• M. Zeller, D. Casado Herraez, B. Ayan, J. Behley, M. Heidingsfeld, and
C. Stachniss. SemRaFiner: Panoptic Segmentation in Sparse and Noisy
Radar Point Clouds. IEEE Robotics and Automation Letters (RA-L),
10(2):923–930, 2024. DOI: 10.1109/LRA.2024.3502058

• L. Schwarzer, M. Zeller, D. Casado Herraez, D. Simon, M. Heidingsfeld, and
C. Stachniss. Self-Supervised Moving Object Segmentation of Sparse and
Noisy Radar Point Clouds. In Proc. of the IEEE Intl. Conf. on Intelligent
Transportation Systems (ITSC), 2025. DOI: 10.1109/ITSC60802.2025.11423257

• D.Wang, H. Haag, D. Casado Herraez, S. May, C. Stachniss, and A. Nuechter.
Doppler-SLAM: Doppler-Aided Radar-Inertial and LiDAR-Inertial Simul-
taneous Localization and Mapping. IEEE Robotics and Automation Letters
(RA-L), 10(9):9438–9445, 2025. DOI: 10.1109/LRA.2025.3595071
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Chapter 2

Basic Techniques

This chapter introduces basic techniques and methodologies used in this
thesis. We first give an overview of the working principle of automo-
tive radar sensors and how they can be leveraged for autonomous
driving. We then provide a summary of relative body motion and

how this can be leveraged given radar velocity measurements. This is followed
by an outline of the least squares problem formulation and Lie theory as the
basis for many of the methodologies introduced in this thesis. We continue the
fundamentals by deriving the formulation of the simultaneous localization and
mapping (SLAM) problem, associating it with the least-squares formulation of
factor graphs, and describing the details of each individual component. We con-
clude the chapter by presenting the SLAM evaluation metrics that will be used
in the following chapters of the thesis.

2.1 Automotive Sensors

Having a reliable and robust sensor set is essential for safe autonomous driving in
all scenarios, including rain, snow, fog, low light, and conditions with no satellite
visibility. Currently, the most used sensors for perceiving the surroundings of
an autonomous vehicle are cameras and LiDARs. Cameras are popular due to
their low cost, ease of packaging within a vehicle, and the high amount of vi-
sual information they provide about a scene. Research in camera perception has
been a significant focus in autonomous driving [60], as it provides information
about our world in a similar way to how we see it. However, since the output of
monocular cameras is a projection onto an image, one of the main limitations of
monocular camera systems is the lack of depth information. Several works have
approached this problem with depth estimation techniques [38, 47], but this re-
mains a prediction coming from 2D image information subject to scale ambiguity.
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Figure 2.1: Comparison of sensors used in autonomous vehicles inspired by Chan et al. [31].
Although cameras provide high-resolution, texturized images, they are affected by low light
and bad weather conditions. LiDARs are robust to low light, but remain expensive alternatives
hard to pack into consumer vehicles. Radars, however, are compact, affordable, and resilient to
environmental conditions, but present challenges in resolution and accuracy of the point clouds.

Stereo cameras address this issue, but they are less compact to integrate within
a vehicle. They are also affected by lighting and bad weather conditions [115],
and face challenges while driving in the dark, heavy rain, fog, and snow. LiDARs
capture depth information by emitting light pulses and measuring the time delay
between the emission and the reception of the reflected signal. The sensor oper-
ates at a frequency between the microwave and infrared spectrum, producing a 3D
point cloud that contains spatial information not present in 2D images. LiDAR
sensors that operate with a rotating mechanical component are called ‘spinning
LiDARs’ while those that have no moving parts are called ‘solid-state LiDARs’.
Due to the high accuracy of the output point cloud, this sensor modality has
received significant attention in autonomous vehicle perception, including map-
ping [99, 113, 116, 123, 141, 172, 192], place recognition [48, 93, 171, 179, 185, 189],
or scene understanding [35, 119, 131]. The main disadvantages of LiDARs are that
they come at a high cost, making them unsuitable for mass production, and, sim-
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Pulse Chirp

Figure 2.2: Comparison of pulse modulation (left) and frequency modulation (right) of radar
sensors. While pulse modulation generates periodic pulses of a specific frequency, frequency
modulation generates consecutive chirps of varying frequency over time. A variation in the
received frequency indicates a velocity in the measured target due to the Doppler effect.

ilar to cameras, their performance degrades under bad weather [194]. Compared
to cameras and LiDARs, radars provide depth information, are affordable, and
are not affected by bad weather and low-lighting conditions. Moreover, they are
already integrated in end-user vehicles today. They overcome the main challenges
of cameras by actively measuring depth in the scene, and are more compact and
affordable than LiDARs, as shown in Figure 2.1. Furthermore, they provide ad-
ditional information, including the relative radial velocity of the measured target
as well as its radar cross section. However, their noisy and sparse output presents
a different set of challenges when it comes to pose estimation and mapping.

2.1.1 Radar Working Principles
Radar (radio detection and ranging) sensors operate on the radio frequency spec-
trum. This difference in the spectrum between LiDARs and radars is the key to
their advantages and limitations [205]. The LiDAR’s shorter wavelength enables
a high angular resolution, but the radar’s longer wavelength facilitates penetra-
tion through heavy rain, fog, and snow. This difference in the frequency range
also results in a different form of interaction of the waves with the environment.
The longer radio wavelengths are minimally affected when penetrating through
small water droplets, while short visible light and infrared wavelengths scatter
when interacting with these particles. Furthermore, the cost of automotive radars
is lower (below 100e) than the price of LiDARs (usually above 500e).

Based on their working principle, radars can be categorized into two cate-
gories illustrated in Figure 2.2, pulse and frequency modulation. Pulse modulated
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radars emit a series of short-duration pulses with high energy. They can obtain
the range of the target by measuring the time delay between the transmitted and
received pulse, and the Doppler velocity by measuring the change in frequency
between the transmitted and received pulse. However, these sensors require that
the signal is sufficiently powerful such that the return energy of the pulses can be
measured by the receiver. As a result, the sensor becomes larger and more expen-
sive. This limitation is not present in frequency modulated radars, making them
suitable alternatives to integrate within end-user vehicles. Moreover, as we will
be discussing in this chapter, signal processing techniques enable obtaining ad-
ditional information from frequency modulated radars, including range, Doppler
velocity, azimuth, and elevation angles.

2.1.2 Frequency Modulated Continuous Wave Radars
Frequency modulated continuous wave (FMCW) radar sensors operate with elec-
tromagnetic wavelengths between 1 and 10mm, corresponding to frequencies be-
tween 30 and 300GHz. In automotive applications, these sensors use standardized
frequencies between 76 and 81GHz, which enables compact antenna designs.

Frequency modulated radars contain a voltage-controlled oscillator that pro-
duces a frequency-modulated wave. The shape of this wave in automotive radars
commonly follows a sawtooth pattern with the frequency increasing linearly over
a chirp’s duration, as illustrated in Figure 2.2. This signal is transmitted over the
environment, and the resulting reflections are collected in the receiver antenna.
As it will be described in this section, by comparing the transmitted and re-
ceived signals, it is possible to obtain both the range and the Doppler velocity of
the measured targets. Additionally, combining multiple transmitter and receiver
antennas enables the retrieval of the azimuth angle of the measured target.

2.1.3 The Radar Equation
The radar equation summarizes the working principle of radar sensors. Although
it is highly relevant for designing and manufacturing radar sensors, it serves as a
useful introduction to understand how the radar measurements are collected and
how different factors affect sensing performance. The radar equation is given as

Pr = Pt

(
Gt

4πR2
t

)(
Gr

4πR2
r

)(
λ2σ

4π

)(
1

L

)
=

PtGtGrλ
2σ

(4π)3R2
tR

2
rL

. (2.1)

This formula quantifies the relationship between the received power Pr, and
the transmitted power Pt. Higher transmitting power can increase the range
and detection capabilities, trading off power consumption. The received power
depends on several factors affecting the transmitted signal.
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The main influencing factors include the transmitter antenna gain Gt and the
receiver antenna gain Gr. These variables indicate how effectively the emitting
antenna directs radiated power into a specific direction compared to an isotropic
antenna, and how well the antenna can focus the energy coming from a specific
direction into the radar receiver compared to an isotropic antenna. While higher
antenna gains indicate higher directionality, lower gains provide a wider angle of
transmitting and receiving radio signals.

Another influencing factor on the received power is the wavelength of the
radar signal λ = c

f
, which depends on the speed of light c and the carrier signal

frequency f . The wavelength determines the spatial resolution of the radar, with
smaller wavelengths making it possible to extract finer details.

The target’s reflectivity also has an impact on the received power, and it is
known as the radar cross section (RCS), σ. It depends on the size, material, angle
of incidence, and frequency of the signal. For instance, the RCS associated with
a car is different from the RCS corresponding to a person [198]. Note, however,
that the RCS determines how much energy is reflected back from the target, but
it does not depend on the target’s range.

Additional signal degradation comes from losses due to hardware inefficiencies,
propagation effects, and signal processing, denoted as L. Moreover, it can be
observed how the first and second terms of the radar equation represent the
transmitter and receiver gain spreading loss over spheres of radius Rt and Rr,
known as two-way propagation loss. Since most automotive radar systems employ
the same receiving and transmitting antenna, which results in R = Rt = Rr,
and G = Gt = Gr, Equation (2.1) simplifies to

Pr =
PtG

2λ2σ

(4π)3R4L
. (2.2)

The radar equation contains the fundamental principles of radar operational
design; however, it does not describe how useful information can be extracted
from radar signals. In the following, we describe the signal processing techniques
of how radars measure the environment and output a point cloud that can be
used for autonomous driving functionalities.

2.1.4 Range-Doppler Information From FMCW Radars
To obtain the range-Doppler information from the radar signals, it is necessary
to understand the difference between the received frequency (fR), the beat fre-
quency (fB), the Doppler frequency (fD), and the relationship between them [106].

First, due to the time delay between the transmitted and received signals, the
received signal has a frequency shift of fR. This is dependent on the range of
the target R and parameters from the sawtooth modulation including the signal
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Figure 2.3: Extraction of the range-Doppler values for a single static target. The received
signal is shifted in time, and the beat frequency fB1

and phases ϕ1, ϕ
′
1, ϕ

′′
1 of each individual

chirp can be extracted with the range FFT. By computing the Doppler FFT over multiple
chirps, the Doppler frequency shift of the signal is retrieved based on the change in phase
across chips. Note that for a static target, no phase change occurs. The result can be converted
to range-Doppler measurements following Equations (2.7) and (2.8).

bandwidth fSW and the chirp duration Tchirp, such that

fR =
fSW
Tchirp

2R

c
. (2.3)

The factor fSW

Tchirp
represents the chirp-rate, which is the rate at which the

frequency changes over time, and 2R
c

represents the round-trip time, with c being
the speed of light.

The beat frequency fB represents the difference in frequency between the
transmitted signal ft(t) and the received signal fr(t). Subsequently, when mea-
suring a static target, as in Figure 2.3, the beat frequency is only influenced by
the measured target’s range, resulting in

fB = ft(t)− fr(t) = fR. (2.4)

Under the assumption that the target’s range and velocity remain constant
within a single chirp, a fast Fourier transform (FFT) known as “range FFT”
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Figure 2.4: Extraction of the range-Doppler values for a single dynamic target. The received
signal is shifted in time, and the beat frequency fB1

and phases ϕ1, ϕ
′
1, ϕ

′′
1 of each individual chirp

can be extracted with the range FFT. By computing the Doppler FFT over multiple chirps, the
Doppler frequency shift of the signal is retrieved based on the change in phase across chips. The
result can be converted to range-Doppler measurements following Equations (2.7) and (2.8).

or “fast time FFT” measures the difference between the transmitted and received
signals and outputs a complex number whose magnitude determines the beat
frequency fB, while the angle defines the phase of the received signal ϕ. If there
is a single target, like in Figure 2.3 and Figure 2.4, a single beat frequency value
can be extracted, corresponding to the measured target. However, if there are
multiple targets, like in Figure 2.5 and Figure 2.6, the FFT will return multiple
peaks and their corresponding phases, each corresponding to one measured target.

In the case of dynamic targets, Figure 2.4 and Figure 2.6, the measured point
is moving closer or farther away from the sensor. In the sawtooth modulation pat-
tern typically used in FMCW radars, this introduces a change in phase between
the individual chirps, leading to a Doppler frequency shift defined as

fD = −2vr
λ
, (2.5)

which is affected by the target’s radial velocity with respect to the vehicle vr and
the signal wavelength λ. This change in frequency caused by a target’s velocity is
commonly known as the Doppler effect. It is important to note that this frequency
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Figure 2.5: Extraction of the range-Doppler values for multiple static targets. The beat
frequencies of the reflected signals from both targets result in two peaks from the range FFT.
Since the phases remain constant, no Doppler velocity is computed from the Doppler FFT.

shift within a single chirp is generally small, minimally affecting the extraction of
the beat frequency from the range FFT. This effect on the beat frequency from
Equation (2.4) is defined by

fB = fR + fD =
fSW
Tchirp

2R

c
− 2

vr
λ
. (2.6)

Once a certain number of chirps have been received, it is possible to determine
the Doppler frequency shift caused by the moving target by analyzing the change
in phase of several individual chirps. This is done by applying an FFT over a set of
results from multiple range FFTs. This procedure is known as the “Doppler FFT”,
or “slow time FFT”. The result is a 2D grid where the columns represent the
Doppler frequency shift fD and the rows represent the beat frequency fB ranges.

After computing fB and fD, it is possible to move from the beat-Doppler
frequency grid to the range-velocity measurement grid with the equations derived
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Figure 2.6: Extraction of the range-Doppler values for multiple dynamic targets. The
received signals are shifted in time and frequency, leading to phase variations from the range
FFT. These phase variations result in Doppler velocities measured by the Doppler FFT.

from Equation (2.5) and Equation (2.6) following

R = (fB − fD)
Tchirp

fSW

c

2
, (2.7)

vr = −
λ

2
fD. (2.8)

2.1.5 Azimuth Angle Information From FMCW Radars

The previous section explained how to obtain range and velocity information
from an FMCW radar. To measure the surroundings and obtain azimuth angle
information, two radar sensing techniques are commonly employed.

Spinning radars contain a mechanically spinning device with a transmitter-
receiver antenna setup. This allows the sensor to obtain measurements in a 360◦
surround-view around the car [11]. As it will be presented in Chapter 3, while
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Figure 2.7: Range-Doppler values and phase of one target using one transmitter (Tx) and two
receiver (Rx) antennas. Since the signal travels different distances to the two receiver antennas,
this can be measured as a change in phase of the received signal between the two antennas.

several works employ spinning radars for pose estimation, the design leads to
bulky sensor setups which are unsuitable for consumer vehicles.

Multiple-input-multiple-output radars, commonly referred to as automotive
radars in the context of robotics, are more compact and affordable, suitable for
integration within end-user vehicles. Instead of containing a mechanically spin-
ning device, automotive radars are composed of an array of transmitter-receiver
antennas that measure the delay in the received signals between them. The sep-
aration distance between receiver antennas is fixed to d = λ

2
.

Figure 2.7 shows the simplest configuration of an automotive radar, with a
single transmitter antenna and two receiver antennas. The transmitter antenna
emits a signal that is reflected off a target, being measured by the receiver anten-
nas at different distances. Subsequently, the wave needs to travel longer distances
to reach receiver antennas that are farther away from the target. Due to the small
signal wavelength (1-10 nm) compared to the distance to the target (1-200m), it
can be assumed that the reflected signal reaches all the receiver antennas in a
parallel manner.

The resulting extra distance traveled by the reflected signal to reach the next
receiver antenna depends on the azimuth angle θ, and can be measured using the
phase shift between the reflected signals in both receiver antennas following

dextra = d · sin
(π
2
− θ

)
. (2.9)

Since the difference in the travelled distance is small, in the order of mil-
limeters, measuring this distance with each receiver antenna leads to a similar
range-Doppler matrix with a shift in the received signal’s phase. Combining
them using an FFT, known as the “azimuth FFT” results in the estimation of
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Figure 2.8: Azimuth angle measurement of a single dynamic target from six receiver antennas.
The different phases measured by each receiver antenna can be exploited with the azimuth FFT
to extract the azimuth of a target. The peak of the FFT indicates the target’s azimuth angle.

the azimuth angle θ for each receiver channel, with a peak indicating the target’s
azimuth angle. As a result, a higher number of antennas leads to a higher az-
imuth angle resolution. This process is illustrated in Figure 2.8 for the case of a
single dynamic target over the measurement of six receiver radar antennas.

Although it is common to refer to radars that measure range, azimuth, and
Doppler as 3D sensors, since their geometric output lies in a 2D plane, we refer to
them as 2D radars. This naming deviates from convention but improves clarity
when comparing it with radars that provide a 3D geometric output.

2.1.6 Elevation Angle Information From FMCW radars

While some radars only provide 2D radar measurements, the latest automotive
radars can also provide elevation angle information. The methodology for achiev-
ing this follows the same principle from the previous Section 2.1.5. However, the
antennas must be aligned vertically rather than horizontally.

A combination of both horizontal and vertical alignment of transmitter and
receiver antennas in a 2D matrix leads to an automotive radar that provides
range, Doppler, azimuth, and elevation angles of the measured targets. Radar
sensors with these four output channels are commonly known as 4D radars.

Although the output of a radar sensor that measures range, azimuth, ele-
vation, and Doppler information is four-dimensional, and the literature some-
times refers to them as 4D radars, since their geometric output remains three-
dimensional, range-azimuth-elevation, which can be transformed to x-y-z carte-
sian coordinates, in this work we will refer to these sensors as 3D radars, for an
easier distinction between 2D and 3D point coordinates.
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Spinning radar output Automotive radar output

Figure 2.9: Comparison between spinning [11] and automotive radars [78] with a reference
camera image. While spinning radars are bulky and output a 2D intensity image, automotive
radars are compact and output a point cloud with Doppler velocities and RCS information.

2.1.7 Radar Sensors for Autonomous Driving

The information provided by FMCW radars can vary depending on the sensor
type. We can group radars into two main categories based on their output and
working principle: spinning radars and automotive radars, shown in Figure 2.9.

Spinning radars consist of a mechanically spinning antenna that computes a
range measurement for each azimuth bin. They output a 2D image, as displayed
in Figure 2.9 (left), where each pixel represents the intensity of the measurement.
Spinning radar sensors provide high accuracy and 360 degree field-of-view, and
researchers have leveraged them to perform odometry [5, 6, 30, 83], place recogni-
tion [56, 166, 197] and SLAM [74]. However, they are costly, and their dimensions
make them hard to mount in consumer vehicles.

Automotive radars output a point cloud containing the spherical coordinates
of a point (range, azimuth, elevation), which are usually converted to Cartesian
coordinates (x, y, z). They also provide the radar cross section of each point and
the Doppler velocity, which corresponds to the projection of the target’s velocity
in the radial direction of the measurement. Automotive radars have also shown
outstanding results in object segmentation [198], object tracking [200], odome-
try [89], and place recognition [22]. The raw output of automotive radar sen-
sors is a range-azimuth-Doppler 3D matrix representation of the environment for
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Constant false alarm rate

Figure 2.10: The constant false alarm rate algorithm estimates peaks of maximum intensity. It
applies a threshold resulting in a binary grid where a target is likely to be present.

each sensor channel. Some researchers [104, 153] directly use the range-azimuth-
doppler matrix for their radar solutions. However, raw data is not usually pro-
vided by the radar sensor manufacturers as it can reveal their specific signal
processing techniques. Instead, most manufacturers directly apply a constant
false alarm rate [152] detection algorithm to obtain a point cloud from the scans.
As illustrated in Figure 2.10, we can identify the detection peaks and discard
measurements with a lower intensity value. The output results in a point cloud,
as illustrated in Figure 2.9 (right). However, despite the algorithm leading to a
point cloud containing the main peak reflections, challenges still remain when it
comes to dealing with clutter and multi-path reflections, and it can be challenging
to discriminate between direct measurements of objects and those coming from
clutter or reflections. The difficulty becomes even greater due to the low number
of points per scan, as it can be challenging to identify objects and structural
elements within the environment.

Some research points in the direction of employing machine learning to differ-
entiate between noise and non-noise measurements to filter the point cloud [105]
or using rule-based geometric models [88, 103, 147, 154] that measure the dis-
tance traveled by the radar signal and identify points that are farther away than
a certain threshold. Other methods aim to approximate radar scans to LiDAR
point clouds using occupancy grids [110, 183] or voxel maps [153]. However, the
sparse and noisy nature of radar scans makes it difficult to directly apply LiDAR
solutions for localization and mapping. These methodologies also suffer from
the limitations of restricting the output points to those that match the proper-
ties of the LiDAR sensors. Subsequently, cars visible to radar but invisible to
LiDARs will be discarded. Moreover, they are bound to the point coordinates
of the LiDAR scans, without exploiting the radar Doppler velocities and RCS
information provided by the sensor.
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Table 2.1: ARS548, ZF FRGen21 radars and Ouster OS0-128 LiDAR sensor characteristics.

Parameter ARS548 Radar ZF FRGen21 Radar Ouster OS0-128 LiDAR
Range Resolution Accuracy Range Resolution Accuracy Range Resolution Accuracy

Distance [m] 0.20 - 301 0.22 ±0.15 0 - 100 0.20 ±0.02 0.25 - 75 0.005 ±0.03
Azimuth [°] ±60 1.68 ±0.5 ±75 1.50 ±0.15 ±180 0.18 ±0.05
Elevation [°] ±14 2.30 ±0.1 ±15 1.50 ±0.3 ±45 0.703 ±0.05
Velocity [km/h] -400 - 200 0.35 ±0.1 ±140 0.36 ±0.036 - - -

2.1.8 Noise, Multi-Path Propagation, and Sparsity
Despite being able to measure range, azimuth, elevation, and Doppler velocity
information from radar sensors, obtaining a radar point cloud composed solely of
true target detections remains a significant challenge. As outlined in the automo-
tive radar noise characterization by Chan et al. [31], false detections may come
from various sources.

Two of the main causes of radar noise are the hardware components and the
processing of the received signal. Automotive radars are susceptible to heating
of the electronic components, the material properties of the radar sensor casing,
and the component inefficiencies of the radar system. Moreover, the bumpers
of the autonomous vehicle, which contain the radar sensors, also have an effect
on the noise present in the output point cloud. Additional random noise in
automotive radars arises from the signal processing procedures. In particular,
the FFTs used to extract the range, azimuth, elevation, and Doppler velocities
can introduce sidelobes or spectral leakage, manifesting as false detections. This
is represented in Figures 2.3–2.8 and Figure 2.10, as the variation of the intensity
values in the different grid cells, which can lead to additional peaks when applying
the constant false alarm rate algorithm. Nevertheless, some of the false detections
originated from hardware and signal processing are random points inconsistent
across multiple radar measurements. As it will be introduced in Chapter 4, these
can be filtered out by measuring the spatial consistency between radar scans.

False noise measurements coming from multi-path propagations are more chal-
lenging to identify. These radar targets originate from measured radar signals
that reflect off multiple surfaces before returning to the radar, and typically come
from objects with high reflectivity, such as guardrails or cars. These indirect
paths usually create what is known as “ghost” targets, as the radar interprets
these measurements at incorrect distances or angles. Unlike random noise, multi-
path propagation may be consistent across multiple measurements, leading to
problems in differentiating them from real objects in the scene. Our place recog-
nition method from Chapter 6 exploits these observations to identify which points
in the radar scan are reliable, hence belonging to true radar detections.

Another challenge in automotive radars is the sparsity. To keep the sensor
small, manufacturers limit the number of transmitter and receiver antennas. As
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shown in Table 2.1, this results in reduced measurement resolutions compared to
high-definition LiDAR sensors, especially in the vertical component. We tackle
these problems in Chapter 4 and Chapter 5, and despite these limitations, we
manage to achieve accuracy comparable to LiDAR sensors with our pose es-
timation strategies by exploiting the additional Doppler and RCS information
provided by automotive radars.

2.2 Relative Body Motion
Radar sensors measure the Doppler velocity of each point. However, due to
the Doppler effect, these velocities only account for the radial component of the
velocity with respect to the measurement direction. Therefore, the radar does not
provide the full measurement of the targets’ velocities. In this section, we derive
the basics of relative motion analysis to compute the velocity of a point given the
sensor velocity, and how this can be leveraged to project the car velocities into the
radar’s radial measurement direction. This has two main applications detailed
in Chapter 4 that include: leveraging the Doppler velocities for pose estimation,
and dynamic outlier detection.

2.2.1 Velocity of a Point Given the Sensor Velocity
To compute the velocity of a point given the sensor velocity, we define two coordi-
nate frames: an absolute inertial frame {I}, which remains static, and a moving
sensor frame {S}, as illustrated in Figure 2.11. The goal is to find the velocity of
a point pk in the inertial frame, assuming that the absolute velocity of the sensor
origin is known.

The position vector of pk relative to the sensor origin, expressed in the sensor
frame {S}, is defined as

StSpk
= StIpk

− StIS. (2.10)

By taking the derivative over time of Equation (2.10) we compute the corre-
sponding velocities expressed in the sensor frame {S} following

d(StSpk
)

dt
= Svpk

− SvS, (2.11)

where SvS and Svpk
are the absolute linear velocities of the sensor origin and the

point, and d(StSpk
)

dt
is the absolute time derivative of the relative position vector,

all expressed in {S}.
Moreover, note that StSpk

from Equation (2.10) can also be expressed as the
coordinates of point pk with respect to the sensor frame {S} as

StSpk
= xi + yj + zk, (2.12)
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X

Y

Z

Figure 2.11: Visualization of the relative motion analysis between an absolute inertial frame {I},
a moving sensor frame {S}, a point measured by the radar sensor pk, and the translation vectors
between them expressed in the sensor frame denoted as StSpk

, StIpk
, and StIS .

where i, j,k are the unit vectors defining the sensor frame {S}, and x, y, z are
the components measured in {S}. As a result, the derivative of Equation (2.12)
accounts for the change in components and the rotation of the basis vectors of
the moving sensor frame following

d(StSpk
)

dt
=

[
dx

dt
i + dy

dt
j + dz

dt
k
]
+

[
x
di
dt

+ y
dj
dt

+ z
dk
dt

]
. (2.13)

The first bracket represents the relative velocity of pk measured by the sensor
and expressed in the sensor frame {S}, which we denote

Svpk/S =
dx

dt
i + dy

dt
j + dz

dt
k. (2.14)

The second bracket represents the contribution due to the rotation of {S},
which depends on the angular velocity of the sensor frame SωS following

x
di
dt

+ y
dj
dt

+ z
dk
dt

= SωS × StSpk
. (2.15)

Combining Equations (2.11)–(2.15) leads to

Svpk
− SvS = Svpk/S + SωS × StSpk

, (2.16)

which can be reordered to isolate the absolute velocity of point pk, resulting in

Svpk
= SvS + Svpk/S + SωS × StSpk

. (2.17)
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Figure 2.12: Geometry of the problem of projecting a known car velocity into radar measurement
direction. If the point pk is static, the measured radial velocity will have the same magnitude
as the projection of the car velocity onto the radar line of sight with opposite sign.

2.2.2 Projecting the Car Velocity Onto a Point
While Equation (2.17) computes the velocity of a point knowing the sensor ve-
locity, it can be interesting to compare the measured radial velocities with the
vehicle’s ego-velocity, as detailed in Chapter 4. To achieve this, we project
the car velocities into the direction of the measurement. Therefore, in the fol-
lowing derivation, we assume a known car velocity. We follow the procedure
of Hexsel et al. [69] assuming rigid body motion between the vehicle and the sen-
sor, see Figure 2.12. Additionally, since pose estimation often relies on a static
environment assumption, we focus on measurements with zero absolute velocity,
where Svpk

= 0. The relative velocity of a static point measured by the radar
and expressed in the sensor frame {S} simplifies to

Svpk/S = −
(
SvS + SωS × StSpk

)
. (2.18)

Note, however, that due to the Doppler effect, the radar measurement does
not directly include the full measurement of the target’s velocity Svpk

. Instead,
it provides the projection of this velocity in the radial direction of the point
measurement, which we denote vprojk ∈ R. We project the velocity of the static
target into the radial direction following

vprojk = SdS
pk

Svpk/S = −SdS
pk

(
SvS + SωS × StSpk

)
, (2.19)

where the direction vector SdS
pk

from the radar sensor to the target point pk

expressed in the sensor frame is given as

SdS
pk

=
StSpk

||StSpk
||
. (2.20)

Since SdS
pk

is orthogonal to SωS × StSpk
, Equation (2.19) simplifies to

vprojk = −(SdS
pk
)⊤ SvS. (2.21)
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With Equation (2.21), we have achieved the projection of the radar sensor
velocity into the radial direction of the measurement. The goal now is to repre-
sent the projection of the linear CvC and angular CωC car velocities, which are
expressed in the car frame {C}, in the direction of the measurement.

Given a car-to-sensor extrinsic calibration including a rotation RC
S ∈ R3×3 and

a translation CtCS ∈ R3, we can express the sensor velocity CvS in the car frame
by rotating it with

CvS = RC
S

SvS. (2.22)

We rewrite Equation (2.21) reordering terms as in Equation (2.22) leading to

vprojk = −(SdS
pk
)⊤

(
RS

C
CvS

)
= −

(
(SdS

pk
)⊤ (RC

S )
⊤
)

CvS (2.23)

= −
(

RC
S

SdS
pk

)⊤
vS = −(CdS

pk
)⊤ CvS. (2.24)

Furthermore, assuming that the car is a rigid body and the distance between
the car’s center of mass and the radar remains constant, the velocity of the sensor
with respect to the vehicle is given as

CvS = CvC + CωC × CtCS . (2.25)

Finally, we can combine Equation (2.24) and Equation (2.25) to obtain the
velocity of a static point in the environment as a function of the car velocities
according to

vprojk = −(CdS
pk
)⊤

(
CvC + CωC × CtCS

)
. (2.26)

Knowing the projection of the car velocities into the direction of the mea-
surement can be exploited for pose estimation and dynamic outlier detection, as
introduced later in Chapter 4.

2.3 Least Squares
Several mathematical problems in geodesy, robotics, and computer science can
be formulated as minimization problems with a larger number of equations than
unknowns. As a result, we need to find the best solution to a given number
of constraints, defined as an overdetermined system. Least squares is a com-
monly used mathematical optimization technique for finding the best-fit solution
of overdetermined systems in the sense of minimizing the sum of squared errors.
These systems can usually be represented using a function that consists of a sum
of squared residuals between observed and predicted data. Examples where least
squares is used include radar scan matching and factor graph optimization, which
will be introduced later in Section 2.5.
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2.3.1 Problem Formulation
The goal of least squares is to find an optimal state x∗ ∈ RD that minimizes
the sum of squared residuals between observed data and predicted values. The
observed data is represented as zi ∈ RM and usually comes from the output of a
sensor or the result of an algorithm. The predicted data ẑi ∈ RM is obtained from
a prediction function fi(x) : RD → RM , for example, a function that predicts the
relative transformation between two point clouds. The error function between
the observed and predicted data is given as

ei(x) = zi − fi(x) = zi − ẑi. (2.27)

The squared error of a measurement ei ∈ R is given as

ei(x) = ei(x)⊤Wiei(x), (2.28)

where Wi is a symmetric information matrix for that measurement. It represents
the inverse of the covariance matrix Wi = Σ−1

i and quantifies the precision or
confidence of the measurement. Higher values in Wi indicate lower uncertainty
and greater weight of the corresponding residual.

We want to find the optimal state x∗ that minimizes the error given all mea-
surements where the final objective function F (x) is the sum of the squared errors

F (x) =
N∑
i=1

ei(x). (2.29)

The minimization problem is given as

x∗ = argmin
x

F (x). (2.30)

If fi(x) is linear, the resulting objective function is convex. We, therefore, can
obtain the optimal solution x∗ by finding the point of zero gradient that fulfills

∂F

∂x = 0. (2.31)

Deriving the global error and the globally optimal solution, however, may
not be possible due to nonlinearities in the prediction functions fi(x), hence it
is common to employ numerical approaches to compute locally optimal solutions
to the problem in an iterative manner.

2.3.2 Linear Least Squares
For the simplest scenario, where the prediction functions Fi(x) are linear, the
predictions are given as linear equations following

fi(x) = Fix, (2.32)
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where Fi ∈ RM×D is a matrix of constant scalars. The residual is then given as

ei(x) = zi − Fix. (2.33)

We can expand Equation (2.29) with the new residuals following

F (x) =
N∑
i=1

ei(x) =
N∑
i=1

(zi − Fix)⊤Wi(zi − Fix) (2.34)

=
N∑
i=1

(
z⊤
i Wizi − 2z⊤

i WiFix + x⊤F⊤
i WiFix

)
. (2.35)

Grouping the terms in Equation (2.35) we can simplify the equation as

F (x) = c− 2b⊤x + x⊤Hx, (2.36)

where

c =
∑
i

z⊤
i Wizi, (2.37)

b =
∑
i

F⊤
i Wizi, (2.38)

H =
∑
i

F⊤
i WiFi, (2.39)

In linear least squares, the objective function F (x) is a convex quadratic
function of x, i.e., a global minimum exists. We obtain the optimal state x∗

that achieves the global minimum of F (x) at the location of zero-gradient, as
in Equation (2.31), following

∂F

∂x = −2b + 2Hx∗ = 0. (2.40)

Rearranging the terms, we obtain the final system of linear equations as

Hx∗ = b. (2.41)

Assuming the problem is well constrained and the matrix H is positive defi-
nite, the solution to the linear least squares problem x∗ is given by

x∗ = H−1b. (2.42)

2.3.3 Nonlinear Least Squares
Linear prediction functions lead to a globally optimal solution of the least squares
problem. However, in the field of robotics, it is common to find prediction func-
tions fi(x) that are nonlinear. In such cases, the derivative in Equation (2.31)
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is not straightforward to compute. We employ numerical methods to achieve a
locally optimal solution by iteratively reducing the objective F (x).

Given an initial estimate x0, for the kth iteration we find an incremental
value ∆xk such that the value of the objective function F (x) is reduced. The
new state xk+1 is given as

xk+1 = xk +∆xk. (2.43)

We repeat the process until the increment ∆xk is smaller than a given thresh-
old, which indicates that we have reached a local minimum. It is important to
note how the problem has changed from estimating the globally optimal solution
of the least squares problem, to finding an increment ∆xk that reduces the op-
timization function. Common techniques to solve the problem include gradient
descent, Gauss-Newton, and Levenberg-Marquardt.

2.3.3.1 Gradient Descent

The gradient descent method estimates the increment∆xk iteratively by following
the negative gradient of the objective function. The new state update∆xk is given
by the negative gradient of the objective function ∇F (xk) following

∆xk = −α∇F (xk), (2.44)

where α is a parameter indicating the step size. Bigger α values will cause bigger
jumps in the optimization, and smaller α values will lead to smaller jumps with
slower convergence. The gradient ∇F (xk) is given as

∇F (xk) =
∂F (x)
∂x = 2

N∑
i=1

J⊤
i Wiei(x), (2.45)

where Ji =
∂ei

∂x is the jacobian of the residual function ei(x).

2.3.3.2 Gauss-Newton Method

The Gauss-Newton method estimates the increment ∆xk by linearizing the error
function around a point xk. To find ∆xk in the current iteration, if fi(xk) is
nonlinear, we can approximate the error functions around an initial guess xk

using the Taylor expansion

ei(xk +∆xk) ≈ ei(xk) + Ji(xk)∆xk = ei + Ji∆xk, (2.46)

where Ji =
∂ei

∂x

∣∣
xk

is the Jacobian of ei with respect to xk. We denote ei(xk) = ei

and Ji(xk) = Ji for better readability.
The new squared error term ei(xk) is given as

ei(xk +∆xk) = (ei + Ji∆xk)
⊤Wi(ei + Ji∆xk). (2.47)
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We can expand Equation (2.29) with the new residuals following

F (xk +∆xk) =
N∑
i=1

ei(x) =
N∑
i=1

(ei + Ji∆xk)
⊤Wi(ei + Ji∆xk) (2.48)

=
N∑
i=1

(
e⊤
i Wiei + 2e⊤

i WiJi∆xk +∆x⊤
k J⊤

i WiJi∆xk

)
. (2.49)

=
N∑
i=1

(
e⊤
i Wiei

)
+ 2

N∑
i=1

(
e⊤
i WiJi

)
∆xk

+∆x⊤
k

N∑
i=1

(
J⊤
i WiJi

)
∆xk. (2.50)

Grouping the terms in Equation (2.50) we can simplify the equation as

F (xk +∆xk) = c− 2b⊤∆xk +∆x⊤
k H∆xk, (2.51)

where

c =
∑
i

e⊤
i Wiei, (2.52)

b = −
∑
i

J⊤
i Wiei, (2.53)

H =
∑
i

J⊤
i WiJi. (2.54)

Note that the Hessian H approximates the second derivative of the cost func-
tion, which determines the curvature of the error surface.

To find the optimal increment ∆x∗, we find the point with zero gradient of
the linearized objective function following

∂F (xk +∆x∗
k)

∂∆xk

= −2b + 2H∆x∗
k = 0. (2.55)

Rearranging the terms, we obtain the final system of linear equations as

H∆x∗
k = b. (2.56)

We can solve this system using Cholesky decomposition or QR factorization
under the assumption that the problem is well constrained and the Hessian H is
positive definite.

2.3.4 Levenberg-Marquardt Method
The Levenberg-Marquardt method is intended to improve stability and conver-
gence of the Gauss-Newton technique. The new system of linear equations intro-
duces a damping factor λ. This factor is applied by augmenting the diagonal of
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the Hessian with a scaled identity matrix I, particularly when H is poorly con-
ditioned or near-singular. Following Equation (2.41), the new system of linear
equations is defined as

(H + λI)∆x∗
k = b. (2.57)

For large values of λ, the equation approximates gradient descent. The steps
are small and slow, ensuring stability in regions of high nonlinearity or poor initial
guesses, similar to gradient descent. It follows that

∆x∗
k ≈

1

λ
b ≈ −1

λ
∇F (xk). (2.58)

For small values of λ, the equation is similar to the Gauss-Newton method,
which may lead to fast convergence but instability if H is ill-conditioned, following

H∆x∗
k ≈ b. (2.59)

2.4 Lie Theory
In the robotics domain, we frequently encounter geometric state estimation prob-
lems that involve translations and rotations within the 3D space. Although the
rotations can be represented by Euler angles, this representation can lead to sin-
gularities, commonly known as gimbal lock, which can result in failures during
pose optimization and scan alignment. To avoid encountering singularities and
achieving smooth pose updates, as described by Sola et al. [164], a rotation R in
the 3D space is typically represented as part of a smooth and continuous manifold
known as the special orthogonal group SO(3), which fulfills the properties

SO(3) =
{

R ∈ R3×3
∣∣ R⊤R = I, det(R) = 1

}
. (2.60)

Since the movement in 3D usually involves a translation, the transformation
that represents a rotation R and translation t operations is defined as part of a
smooth and continuous manifold known as the special Euclidean group SE(3),
defined as

SE(3) =

{
T =

[
R t
0⊤ 1

]
∈ R4×4

∣∣∣∣∣ R ∈ SO(3), t ∈ R3

}
. (2.61)

The special orthogonal group SO(3) and the special Euclidean group SE(3),
are both Lie groups, since they fulfill the group properties that (i) multiply-
ing two matrices gives another valid matrix belonging to the group, (ii) matrix
multiplication is associative, (iii) the identity matrix acts as a neutral element,
and (iv) every matrix has an inverse within the group. Nevertheless, SO(3)

and SE(3) represent curved nonlinear manifolds. To optimize objective functions
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Figure 2.13: Mapping between the SE(3) manifold and the se(3) Lie algebra tangent space at
the identity I ∈ R4×4. It involves the logarithm and exponential functions Log(·) and Exp(·).

that involve SO(3) and SE(3) exploiting least squares techniques, as described
in Section 2.3.3, it is necessary to linearize the function around a point. This
linearization of the Lie group at the identity is known as the Lie algebra.

The Lie algebra of the special orthogonal group, so(3), is the tangent plane at
the identity of the SO(3) manifold. It is parametrized by the axis-angle represen-
tation of rotations around the x,y, and z coordinate axes ϕ ∈ R3. Furthermore,
to map the vector ϕ to the matrix form, we use the skew-symmetric operator ∧.
Formally, the Lie group so(3) is defined as

so(3) =

ϕ ∈ R3 , ϕ∧ =

 0 −ϕ3 ϕ2

ϕ3 0 −ϕ1

−ϕ2 ϕ1 0


 . (2.62)

The function that maps from the group manifold SO(3) to the tangent plane
of the Lie algebra so(3) such that R ∈ R3×3 → ϕ ∈ R3 is known as the logarithmic
mapping. It is given as

Log(R) : SO(3)→ so(3). (2.63)

The inverse, mapping from the Lie algebra tangent plane to the group mani-
fold, such that ϕ ∈ R3 → R ∈ R3×3 is given as the exponential mapping following

Exp(ϕ) = exp(ϕ∧) : so(3)→ SO(3). (2.64)

Similarly, the Lie algebra of the special Euclidean group, se(3), is the tangent
plane at the identity of the SE(3) manifold. It is parametrized with ξ ∈ R6,
which combines a translation component ρ with the rotation represented in the
axis-angle representation ϕ∧ following

se(3) =

{
ξ =

[
ρ

ϕ

]
∈ R6 , ξ∧ =

[
ϕ∧ ρ

0⊤ 0

] ∣∣∣∣∣ ϕ∧ ∈ so(3), ρ ∈ R3

}
. (2.65)
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The function that maps from the group manifold SE(3) to the tangent plane
of the Lie algebra se(3) such that T ∈ R4×4 → ξ ∈ R6 is known as the logarithmic
mapping. It is given as

Log(T) : SE(3)→ se(3). (2.66)

The inverse, mapping from the Lie algebra tangent plane to the group mani-
fold, such that ξ ∈ R6 → T ∈ R4×4, is given as the exponential mapping following

Exp(ξ) = exp(ξ∧) : se(3)→ SE(3). (2.67)

This mapping between the SE(3) manifold and the se(3) tangent space is
illustrated in Figure 2.13, which is inspired by Engel et al. [45] and Sola et al. [164].

In summary, Lie theory provides a mathematical framework that allows prob-
lems in robotics to handle transformations involving rotations and translations
more efficiently. In practice, this is helpful for tasks such as scan registration,
enabling smooth and accurate pose estimation and motion modelling.

2.5 Simultaneous Localization and Mapping

Knowing the pose of an autonomous vehicle is crucial for motion planning and
navigation. Generally, GNSS systems can be used to determine the location of a
robot. However, satellite visibility is not available in indoor scenarios such as tun-
nels and parking lots. Moreover, GNSS accuracy degrades substantially in envi-
ronments with tall skyscrapers. Simultaneous localization and mapping (SLAM)
involves estimating the pose of a robot while simultaneously building a map of
the environment. SLAM relies on local sensing, without the need for global posi-
tioning techniques. While online SLAM strategies estimate the pose of the robot
at the current time, the full SLAM approach estimates the entire trajectory fol-
lowed by the robot and constructs a map of the environment. It can be defined
as described by Thrun et al. [168].

For a time interval T , given the robot’s controls u1:T = {u1,u2,u3...,uT} and
measurements z1:T = {z1, z2, z3..., zT} of arbitrary dimensions, the goal of SLAM
is to build the map of the environmentM and estimate the path followed by the
robot x0:T = x0,x1,x2...xT ∈ R6. This can be formulated probabilistically as

p(x0:T ,M | z1:T ,u1:T ). (2.68)

We provide insights into how to estimate Equation (2.68) employing factor
graphs in Section 2.5.4.1.
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Figure 2.14: Common components of a SLAM system in a robot. The sensor data (1) is
processed by the odometry module to estimate the relative motion over time, and by the loop
closure detection module to identify revisited locations. The odometry (2) and loop closure (3)
constraints are jointly optimized within the global map. The map reconstruction module uses
the optimized poses (4) to enable multi-session mapping and map maintenance to obtain a
globally consistent map (5), which is leveraged during map-based localization.

2.5.1 SLAM Systems
From a practical perspective, the solution to the SLAM problem can be divided
into smaller components within a pipeline, displayed in Figure 2.14. The sen-
sor data corresponds to real-world measurements coming, for example, from a
camera, LiDAR, or radar. In this work, we exploit automotive radars described
in Section 2.1 as our main source of information. The sensor data is used by
the odometry estimation to obtain relative pose estimates of the robot over time.
However, simply estimating the relative motion of the robot leads to errors accu-
mulating over time. We correct this drift by identifying previously visited places
using a loop closure detection module and passing the information to a global op-
timization procedure. Finally, a map reconstruction module maintains the map
over longer periods of time. This module may also enable multi-session SLAM by
merging maps from multiple sessions and identifying differences between them.
The constructed map can be further leveraged for accurate map-based localiza-
tion, exploiting prior information from previously recorded maps.

2.5.2 Odometry
The goal of odometry is to estimate the relative pose of the robot over time,
solely relying on sensor data. Depending on the sensor, odometry can be cat-
egorized into LiDAR odometry, visual odometry, or radar odometry. Each of
these approaches has its advantages and trade-offs. As explained in Section 2.1,
automotive radars are resilient to adverse weather but are sparse and noisy. In
this work, we focus on one particular technique used for odometry called scan
matching, where the transformation that aligns two consecutive radar scan mea-
surements also represents the change in pose between the two measurements. The
most common approach for scan matching is based on the iterative closest point
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algorithm, where the transformation between two frames is obtained by itera-
tively minimizing the distance between corresponding points. In the following,
we describe its formulation as a least-squares problem, as it plays a crucial role
in the development of our radar SLAM system.

2.5.2.1 Iterative Closest Point Using Least Squares

The iterative closest point (ICP) algorithm [16] aims to obtain a transformation
that minimizes a distance metric between two point clouds. Based on the objec-
tive function, variations of this algorithm include point-to-point ICP [172], point-
to-plane ICP [124], generalized ICP [159], and combinations between them [113].
Later, in Chapter 4, we will observe the benefits of employing point-to-point ICP
on radar scans and how augmenting it with radar Doppler velocities enhances
pose estimation accuracy.

The aim of ICP is to estimate the transformation T∗ ∈ SE(3) that minimizes
the distance between the points of a source point set p ∈ P , and a the points in
a target point set q ∈ Q such that

T∗ = argmin
T

N∑
i=1

∥Tp− q∥ . (2.69)

The problem defined in Equation (2.69) can be solved iteratively. To achieve
this, the set of correspondences is obtained at every kth iteration by finding the
closest point correspondences between the target scan and the source scan trans-
formed with the pose estimate at the previous iteration Tk−1 according to

C = {(p,q)∗ |p ∈ P ,q∗ = argmin
q∈Q

∥Tk−1p− q∥}. (2.70)

Subsequently, the point-to-point residual ei(T) ∈ R3 between two matches is
given as

ei(Tk) = Tkpi − qi. (2.71)

Note that Equation (2.71) has the same form as the least squares residual
from Equation (2.27), where qi is the measurement and Tkpi is the prediction.
We can formulate the objective function for the least squares problem follow-
ing Equation (2.29) as

F (Tk) =
N∑
i=1

ei(Tk), (2.72)

where
ei(Tk) = ei(Tk)

⊤Wiei(Tk). (2.73)

If Tk was linear, we could directly compute the solution to the least squares
problem following Section 2.3.2. However, as it contains a rotation, it belongs to
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the non-Euclidean manifold of SE(3). We use the Lie algebra parametrization,
which facilitates smooth linearization of rotation and translation.

Instead of directly estimating the incremental update ∆Tk ∈ SE(3), we ex-
press the linearization of the error ei(Tk) in the tangent space se(3) with an expo-
nential mapping Exp(·) : ξk ∈ se(3) → Tk ∈ SE(3) as explained in Section 2.4,
according to

ei(ξk) = Exp(ξk)pi − qi. (2.74)

.
The linearization of ei(ξk) using the Taylor expansion is now given as

ei(ξk +∆ξk) ≈ ei(ξk) + Ji(ξk)∆ξk, (2.75)

where the Jacobian Ji(ξk) ∈ R3×6 is given by

Ji(ξk) =
∂ei(ξk)

∂ξk

∣∣∣∣
ξk

=
[
I3×3 −(Tpi)

∧
]
. (2.76)

The goal is now to estimate the optimal update ∆ξ∗k ∈ se(3). The final system
of equations has the same form as Equation (2.56) and is given as

H∆ξ∗k = b. (2.77)

The optimal incremental update ∆T∗
k can be obtained with the exponential

mapping as
∆T∗

k = Exp(∆ξ∗k). (2.78)

The source point cloud is then transformed by ∆T∗
k using left increments

according to
Tk+1 = ∆T∗

k Tk, (2.79)

and a new iteration begins. This process is repeated until the increment ∆ξ∗k
is smaller than a certain threshold, indicating that a local minimum has been
achieved, and a locally optimal transformation T has been computed.

2.5.3 Loop Closure Detection
Solely relying on odometry for pose estimation will lead to drift over long peri-
ods of time. It is essential to correct this drift when estimating the trajectory
of a robot and creating a map of the environment. The goal of loop closure
detection is to identify locations that have already been visited to correct the
accumulated drift. The loop detection module relies on feature extraction and
matching techniques to compare the current sensor measurements with previously
recorded data. This is typically achieved by leveraging place recognition, where
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previously visited locations are identified within a map database. We can catego-
rize existing place recognition approaches into heuristic-based or learning-based.
Heuristic-based methods encode the sensor measurements into a spatial repre-
sentation based on features like maximum height of the measurements or inten-
sity [94, 179]. However, these approaches will underperform in locations that are
difficult to differentiate based on the basic criteria. Learning-based approaches
learn patterns in the environment useful to describe each location [101, 185]. More
existing loop closure detection approaches will be introduced in Section 3.3.

2.5.4 Global Optimization
Once revisited locations have been identified with the loop closure detection mod-
ule, this information can be exploited to correct the accumulated drift for global
pose estimation. During operation, we construct a factor graph to model the
SLAM problem. This graph integrates the relative motion estimates from the
odometry module and the loop closure information that corrects accumulated
drift. In the following section, we provide more details on how to leverage factor
graphs to conveniently formulate SLAM as a least-squares problem.

2.5.4.1 Factor Graph Optimization Using Least Squares

Factor graphs are bipartite graphs that can be used in robotics to model com-
plex estimation problems. They consist of factors representing probabilistic con-
straints, and variables representing the unknowns in the estimation problem. To
estimate the entire vehicle trajectory, incremental approaches like iSAM2 [87]
and g2o [108] build upon the probabilistic formulation in Equation (2.68). They
construct and maintain a sparse factor-graph representation of the posterior such
that new measurements only affect the portions of the graph corresponding to
their poses, leading to efficient optimization of the full trajectory. Furthermore,
factor graphs explicitly represent the relationships between variables and mea-
surements, leading to an intuitive formulation of the problem.

We can formulate the SLAM problem introduced in Equation (2.68) as the
optimization of a factor graph following the derivations by Dellaert et al. [39] and
Montemerlo et al. [132]. The joint probability model is given as

p(x0:T ,M | z1:T ,u1:T ) = p(x0)
T∏
t=1

p(xt | xt−1,ut)
T∏
t=1

p(zt | xt,M), (2.80)

where p(x0) denotes the initial state, the motion model p(xt | xt−1,ut) represents
the relative motion of the robot between two consecutive timestamps given an
input ut, and the measurement model p(zt | xt,M) relates the independent sensor
measurements zt to the robot pose at time t. In practice, the input ut is often
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associated with a motion estimate, such as the computed transformation between
two poses from ICP in Section 2.5.2.1.

To better understand how the motion model and measurement model repre-
sent the evolution of the system over time, we describe the relationship between
the probabilistic models and the state space equations. Assuming that the mo-
tion model gt(xt−1,ut) and the measurement model ht(xt,M) are affected by
Gaussian noise wt ∼ N (0,Σw) and vt ∼ N (0,Σv), respectively, the probabilistic
models can be represented with their corresponding the state-space equations as

p(xt | xt−1,ut) ⇐⇒ xt = gt(xt−1,ut) + wt, (2.81)
p(zt | xt,M) ⇐⇒ zt = ht(xt,M) + vt. (2.82)

We can now represent the motion factor fmt.
t (xt−1,xt;ut) and measurement

factor fms.
t (xt,M; zt) following

p(xt | xt−1,ut) ∝ exp
(
−1

2
∥fmt.

t (xt−1,xt;ut)∥Σw

)
, (2.83)

p(zt | xt,M) ∝ exp
(
−1

2
∥fms.

t (xt,M; zt)∥Σv

)
, (2.84)

where

fmt.
t (xt−1,xt;ut) = xt − gt(xt−1,ut), (2.85)
fms.
t (xt,M; zt) = zt − ht(xt,M). (2.86)

The solution to the SLAM problem from Equation (2.80) is given as the
maximum a posteriori estimate of the joint probability distribution. This involves
finding the optimal trajectory of the robot x∗ = x∗

0:T and the mapM∗ given the
observed measurements z1:T and control inputs u1:T following

(x∗,M∗) = argmax
x0:T ,M

p(x0:T ,M | z1:T ,u1:T ). (2.87)

However, optimizing joint probabilities in the range [0, 1] requires multiplying
many small terms, which quickly leads to numerical underflow. Instead, we can
consider that the logarithmic function is monotonically increasing. Therefore, op-
timizing Equation (2.87) is equal to computing the maximum likelihood estimate
according to

(x∗,M∗) = argmax
x0:T ,M

log p(x0:T ,M | z1:T ,u1:T ), (2.88)

= argmin
x0:T ,M

− log p(x0:T ,M | z1:T ,u1:T ). (2.89)

By performing the optimization in Equation (2.89), which combines the joint
probability distribution of Equation (2.80), the motion model derived in Equa-
tion (2.83), and the measurement model from Equation (2.84), the nonlinear
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least-squares problem is formulated as the minimization of sums, following

(x∗,M∗)=argmin
x0:T ,M

[ T∑
t=1

∥∥fmt.
t (xt−1,xt;ut)

∥∥
Σw

+
T∑
t=1

∥fms.
t (xt,M; zt)∥Σv

]
. (2.90)

We can reorganize the terms to formulate the SLAM problem as the least-
squares problem in Equation (2.29), resulting in

F (x) =
T∑
t=1

emt.
t (x) +

T∑
t=1

ems.
t (x), (2.91)

where

emt.
t (x) = fmt.

t (xt−1,xt;ut)
⊤ Σw fmt.

t (xt−1,xt;ut), (2.92)
ems.
t (x) = fms.

t (xt,M; zt)
⊤ Σv f

ms.
t (xt,M; zt). (2.93)

Sometimes, however, a factor graph may only contain pose factors that are
associated to on an arbitrary number of states xt1 ,xt2 ...,xtM ∈ R6, which are
jointly constrained by a single observation variable ot. This factor is independent
of the map, and it can be represented as ft(xt1 ,xt2 , ... ,xtM ; ot). The resulting
factor graph is typically called a pose graph, since it depends only on the vehicle’s
poses. It is represented as

x∗ = argmin
x

∑
t

∥ft(xt1 ,xt2 , . . . ,xtM ; ot)∥Σw . (2.94)

The optimization problem can be solved with the gradient descent, Gauss-
Newton, or Levenberg-Marquardt algorithms presented in Section 2.3.3.

By leveraging this least squares formulation of the SLAM problem, we perform
global optimization of the robot trajectory and correct the drift accumulated
during odometry, as it will be presented later in Chapter 7.

2.5.5 SLAM Evaluation Metrics
Evaluating the performance of SLAM systems is critical before deployment in
real-world driving scenarios. This is done by comparing the estimated trajectory
with a ground truth, commonly obtained with high-accuracy sensing techniques
including centimeter-level real-time kinematic GPS systems [97] or a combination
of GNSS, inertial sensors, and high-resolution LiDAR maps [21]. Note, however,
that these high-accuracy positioning techniques cannot be easily integrated within
robots or end-user vehicles, typically due to price and size constraints. Therefore,
the goal is to develop a SLAM system that achieves the closest performance to
these reference trajectories, only relying on onboard sensing.
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Figure 2.15: Illustration of the relative (RPE) and absolute (APE) pose errors in a trajectory.
While the relative error serves as a way of evaluating the local consistency of the trajectory,
the absolute errors provide insights into the global consistency of the estimated vehicle poses.

There are two main metrics that measure the accuracy of the estimated trajec-
tory of a vehicle, the relative pose error (RPE) and the absolute pose error (APE),
displayed in Figure 2.15. Since all the absolute poses described in this section
are expressed with respect to the inertial frame, we omit the superscript (·)I for
better readability.

The relative pose error evaluates the performance of a SLAM system between
consecutive measurements and measures the local consistency of the trajectory. A
SLAM system with high RPE will accumulate error over time, leading to a high-
drift trajectory. Meanwhile, if the RPE is low, the estimated trajectory is highly
accurate, and low drift will accumulate over time. Hence, the RPE is mainly
used to evaluate the odometry component of a SLAM system, which estimates
the vehicle’s relative motion over time.

The relative error between two consecutive poses TRPEi−1,i
is defined as the

relative difference between pose changes in the ground truth, Ti,Ti−1 ∈ SE(3),
and the pose estimates, T̂i, T̂i−1 ∈ SE(3) according to

TRPEi−1,i
= (∆Ti−1

i )−1∆T̂i−1
i = (T−1

i−1Ti)
−1(T̂−1

i−1T̂i). (2.95)

38



2. Basic Techniques

Subsequently, the relative translation error tRPE and the relative rotation
error rRPE for a trajectory of N + 1 poses are defined as

tRPE =
1

N

N∑
i=1

∥∥trans(TRPEi−1,i
)
∥∥ , (2.96)

rRPE =
1

N

N∑
i=1

∥∥Log(rot(TRPEi−1,i
))
∥∥ , (2.97)

where the trans(·) and rot(·) operators extract the translation and rotation com-
ponent from a homogeneous matrix, respectively.

Sometimes, however, some works provide the relative error KITTI metric [61]
over multiple segments l ∈ L of fixed path lengths. The error associated to each
pose TKITTIi,l ∈ SE(3) is given as

TKITTIi,l = (∆Ti
i+l)

−1∆T̂i
i+l = (T−1

i Ti+l)
−1(T̂−1

i T̂i+l). (2.98)

The KITTI translation tKITTI and rotation rKITTI errors for a trajectory of N
poses over |L| segments are computed as

tKITTI =
1

|L|
∑
l∈L

1

N − l

N−l∑
i=1

∥∥trans(TKITTIi,l)
∥∥ , (2.99)

rKITTI =
1

|L|
∑
l∈L

1

N − l

N−l∑
i=1

∥∥Log(rot(TKITTIi,l))
∥∥ . (2.100)

The absolute pose error evaluates the global accuracy of the predicted trajec-
tory. The APE is commonly used to evaluate full SLAM systems that include
loop closure with reduced odometry drift. While having an accurate odometry
will lead to good local consistency, maps used for localization must also be glob-
ally consistent to be useful. The APE measures the absolute difference between
each pose in the ground truth and the predicted trajectory following

TAPEi
= (Ti)

−1T̂i = T−1
i T̂i. (2.101)

The absolute translation tAPE and rotation rAPE errors are computed as

tAPE =
1

N

N∑
i=1

∥trans(TAPEi
)∥ , (2.102)

rAPE =
1

N

N∑
i=1

∥Log(rot(TAPEi
))∥ . (2.103)

In sum, the pose evaluation metrics allow us to estimate the quality of the
predicted trajectories. While relative pose metrics provide information about the
local consistency of the trajectory, absolute errors measure the global consistency
of the estimated path.
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2.6 Summary
In this chapter, we have introduced the basic techniques underlying our work,
which serve as the foundation of our proposed approaches for radar pose esti-
mation and mapping. We began in Section 2.1 by discussing the key differences
between automotive radars and other common sensors such as LiDARs and cam-
eras. We outlined the working principles of radar sensors, highlighting their main
challenges due to their high noise and sparsity. In addition, in Section 2.2 we
provided a summary of relative body motion and how it can be used with au-
tomotive radar data, as it will be exploited for odometry in Chapter 4 during
odometry. Then, in Section 2.3 and Section 2.4, we briefly introduced the least-
squares problem formulation and Lie theory as key elements present throughout
this thesis, including Chapter 4 during scan matching and in Chapter 7 for factor
graph optimization. Finally, in Section 2.5 we presented the simultaneous local-
ization and mapping problem and how it can be divided into sub-components,
including sensor input, odometry, loop detection, global optimization, and map
reconstruction. We also introduced the main metrics for measuring the quality
of the SLAM trajectory estimates, serving as a benchmark for comparing the
performance between different approaches.
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Chapter 3

Related Work

The goal of our work is to develop an automotive radar-based system
that is able to estimate the pose of a vehicle, build maps of the en-
vironment, maintain them, and localize within them, without relying
on external GNSS information during operation. Existing odometry

techniques leverage LiDAR and/or camera sensors to perform relative pose es-
timation. Sensor-based SLAM approaches are able to additionally perform loop
closure detection by recognizing previously visited locations and correcting accu-
mulated drift. Some LiDAR approaches also remove non-persistent points from
maps and perform localization within them.

LiDARs, however, have a downside. They are bulky, costly, not easy to in-
tegrate into consumer vehicles, and their performance degrades under adverse
weather conditions. Similarly, cameras are not resilient to environmental condi-
tions, including low light, heavy rain, fog, and snowfall. Radars, on the contrary,
are easy to pack, low-cost, and resilient to adverse weather and lighting condi-
tions. However, the sparse and noisy nature of automotive radar scans presents
challenges when adapting LiDAR techniques to the radar domain. In the first sec-
tion of this chapter, we introduce state-of-the-art LiDAR and camera approaches
and address their limitations when applied to radar sensors. We then introduce
existing radar approaches and their main operating principles. Given the limited
number of methods specifically designed for automotive radars, we also include
related research from the spinning radar domain. Our discussion focuses on four
key areas: methods that estimate the pose of the vehicle and construct a map of
the environment; techniques that extract ground plane data as additional infor-
mation for pose estimation; place recognition approaches suitable for loop closure
detection; and long-term solutions for map maintenance and localization.
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3.1 Pose Estimation and Mapping

Pose estimation and mapping address the problem of determining a vehicle’s
position and orientation relative to a reference frame and leveraging the sen-
sor measurements to construct a map of the environment. The most popular
approaches in the LiDAR domain are based on the iterative closest point algo-
rithm (ICP) [16] and matching specific elements between two consecutive scans.
These elements are usually pointwise correspondences, like KISS-ICP [172], plane
correspondences, like CT-ICP [40] and MAD-ICP [51], or a combination of both,
such as GenZ-ICP [113] and G-ICP [159]. Zhang et al. [202] also minimize the dis-
tance between corners and edges in the LiDAR point cloud, and Behley et al. [14]
optimize surfels extracted from the LIDAR point cloud, aggregating them to build
a feature-based environment representation.

Nevertheless, as highlighted by Tuna et al. [169], solely relying on LiDAR may
degrade in scenarios where no meaningful features can be extracted, which can
be addressed by introducing information from additional sensors like the odome-
ters from Kinematic-ICP [66] or the inertial measurement unit (IMU) from LIO-
SAM [161]. The high-frequency accelerometer and gyroscope readings can be
integrated over time as proposed by Foster et al. [53] to provide an additional
constraint during odometry. For example, Xu et al. [188] exploit this by combin-
ing LiDAR and IMU measurements with an iterated Kalman filter to estimate the
pose of the robot. Others employ pose graphs [116, 148, 161] combining IMU and
LiDAR odometry information that can be jointly optimized within a single graph.
A major disadvantage of single-factor graph approaches like LIO-SAM [161] is
that, in their implementation, they do not combine the IMU and LiDAR infor-
mation within the global graph. Instead, they use the IMU as a source of high-
frequency odometry but construct the backend graph containing only the poses
from LiDAR scan registration. More recent approaches by Koide et al. [99, 100]
propose to integrate a local submap and a global map, maintaining global con-
sistency. Grisetti et al. [64] also propose a hierarchical optimization method that
enables accurate odometry by combining multiple graphs.

However, LiDAR sensors are affected by adverse weather and are hard to pack
within autonomous consumer vehicles. Moreover, due to the sparse and noisy
properties of radar point clouds, applying LiDAR methods directly to radar scans
reduces pose estimation performance [26]. While LiDAR scans are commonly
dense and accurate, with hundreds of thousands of points per scan, radar point
clouds are comparably sparser and noisier, typically containing only a few hundred
points per scan. This can be problematic for point matching and odometry,
resulting in existing LiDAR pose estimation methods being easily outperformed
as demonstrated by Haggag et al. [68] and Kung et al. [109].
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Radar odometry and mapping approaches leverage radar sensors to estimate
the transformation between two sparse and noisy radar point clouds and store
the measurements into a map. These may not necessarily require point corre-
spondence matching between the scans, thanks to the radar’s Doppler velocity
information as proposed by Kellner et al. [89, 90] and others [13, 142, 184]. Many
of the existing approaches are based on the 2D spinning radar and are usually
either feature-based [2, 12, 18, 19, 20, 29, 30, 86, 118, 122], where key-points are
extracted and matched across the output intensity images, similar to the con-
stant false alarm rate algorithm described in Figure 2.10 on page 19, or signal
processing based [13, 142, 184], where the car’s ego-pose is estimated using the
correlation operation between frames. In order to correct the odometry drift,
full SLAM approaches with loop closure have also been proposed for spinning
radars, proving successful in adverse weather scenarios [1, 70, 73, 176]. Nev-
ertheless, similar to LiDARs, spinning radars are bulky and too expensive to
be integrated in consumer vehicles. In contrast, automotive radar sensors are
smaller and provide a sparse and noisy 3D point cloud that also contains the
Doppler velocity and RCS information of each point. In the context of automo-
tive radar odometry, Aldera et al. [4] and Ding et al. [42, 43] take advantage of
combining radars with LiDARs for operation or training. Zhuo et al. [207] com-
bine radars with cameras, and others combine automotive radars with IMUs to
improve odometry accuracy. Specifically, Milli-RIO [7] leverages a combination
of scan matching via normal distribution transform and IMU integration within
an unscented Kalman filter procedure to perform odometry, EKF-RIO [44] per-
forms 6-degree-of-freedom pose estimation combining IMU measurements with
radar Doppler velocities, and 4D-iRIOM [206] estimates the poses of a robot with
a cluster-based matching approach and a Kalman filter to handle radar sparsity.

Techniques that specifically deal with outliers include probabilistic approaches
like the normal distribution transform by Rapp et al. [149, 150] or the Gaussian
mixture model by Haggag et al. [68], which accounts for the uncertainty of a
measurement as a way of dealing with the high amount of outliers. Others ap-
proach the problem based only on the Doppler velocity information [58, 89, 107],
and/or on the vehicle’s motion kinematics [125, 151, 156]. However, discarding
the positional information and solely relying on the radar Doppler velocities can
lead to increased drift in the trajectory estimate [26]. Moreover, methods that
only rely on odometry suffer from error accumulation over time, leading to drift
in the trajectory estimates.

Full automotive radar SLAM approaches that optimize a pose graph have
also been proposed, but have some limitations. Holder et al. [72] require wheel
odometers, and Isele et al. [81] require semantic segmentation of the radar point
clouds to be performed online. Li et al. [117] and Park et al. [143] propose
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to include the Doppler velocity information into the pose graph as a way of
constraining odometry. This is later leveraged by Wang et al. [178] to constrain
the IMU motion within the factor graph. Similarly, Zhang et al. [204] integrate
point measurement uncertainty into their system. However, as shown in the
experiments of our work, one major limitation of these approaches is that they
rely on loop closure designed for LiDARs, limiting place recognition accuracy.

In addition, the sparsity of radar scans may lead to noisy trajectory estimates,
which can be improved by incorporating additional input from an IMU into the
full SLAM system. Some methods that combine automotive radar and IMU in-
formation utilize Kalman filters, like Zhuang et al. [206], or continuous-time opti-
mization to estimate the pose of the vehicle over time, like the approach proposed
by Ng et al. [137]. Recent research from Girod et al. [63] and Wang et al. [178] has
shown how graph-based methods are advantageous in terms of accuracy and sim-
plicity of the system. However, these approaches integrate all the measurement
information into a single optimizable graph adapted from LiDAR [98], and face
limitations in terms of accuracy, highlighting the need for techniques specifically
designed for automotive radars.

3.2 Ground Points as a Source of Information
One of the main challenges of automotive radar pose estimation is the limited
vertical resolution of these sensors. This limitation can be observed in the sen-
sor comparison from Table 2.1 on page 20. Nevertheless, the ground plane is
a feature commonly present in most LiDAR and radar scans when mounted on
a vehicle. We can leverage this information to help reduce vertical estimation
errors as shown by Koide et al. [98] in the LiDAR domain. LiDAR ground plane
segmentation and detection approaches exist to identify the points in a scan that
belong to the ground and estimate the ground plane parameters, commonly using
heuristics. Himmelsbach et al. [71] and Steinhauser et al. [165] fit lines to point
sets within the scan, classifying points as ground or non-ground based on the
properties of the line segments. A more recent work by Zermas et al. [201] pro-
poses to use principal component analysis [52] to estimate the final ground plane.
However, they rely on the assumption that the lowest points within a scan belong
to the ground, which is not true in radar point clouds due to the high amount of
noise and multi-path propagation. Based on the cylindrical geometry of LiDAR
point clouds, other approaches like Patchwork [121] and Patchwork++ [114] di-
vide the scans into multiple concentric regions that are segmented separately.
Narski et al. [134] also leverage the LiDAR ring properties for their segmenta-
tion method. Moreover, Koide et al. [98] present a ground-plane fitting approach
where they include a horizontal ground plane within a pose graph. Nevertheless,
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these methods have been developed for LiDAR sensors, relying on minimal noise,
little multi-path propagation below the ground, and concentric point clouds from
spinning laser devices. Solely one approach by Chen et al. [33] extracts the ve-
locity of the ground points to estimate the vehicle’s ego-motion. However, it
provides little insight into how this strategy affects vertical pose estimation, un-
derscoring the importance of ground extraction approaches that enhance vertical
motion estimation accuracy.

3.3 Place Recognition
Place recognition identifies whether the current location has already been visited
before. In practice, this is similar to finding the closest matching scene in a map
database. A key aspect of place recognition is finding a compact scene descriptor
that accurately represents a scene. As a result, scene descriptors belonging to the
same place have a high similarity, while scene descriptors that belong to different
places have a low similarity. In the case of camera-based solutions, they encode
the images into handcrafted features like ORB [133], learned features such as
the approaches by Arandjelovic et al. [8] and Izquierdo et al. [82], or enhance
their system exploiting image sequence information, such as the techniques by
Milford et al. [130] or by Vysotska and Stachniss [174, 175]. LiDAR approaches
commonly compress the scan into a more compact representation based on geo-
metric or learned features. Namely, LiDAR geometric approaches usually trans-
form the point cloud into a polar representation, as seen in ScanContext [94] and
its multiple variations [48, 85, 93, 179], or into density grid maps, introduced
by Gupta et al. [67]. The main concern with such methods is that they rely on
structural assumptions about the environments, like height, point density, in-
tensity, or contours. Advances in LiDAR place recognition show that enhancing
geometric approaches with neural network-based solutions yields higher recogni-
tion recall, like DiSCO [189] and the method by Kim et al. [91]. Another group
of approaches discretizes the space into a voxel grid [32, 102, 163, 187], which
leads to information loss, which is especially harmful for sparse point clouds in
radar scans. Other methods like PointNetVLAD [171] and KPPR [185] consider
each individual point by using a pointwise feature encoder, which is more suit-
able for our task of sparse radar scan place recognition. They aggregate their
local point features into a global descriptor representative of the scene. Further-
more, the technique by Di Giammarino et al. [41] incorporates LiDAR intensity
information. In terms of autonomous driving, bad weather conditions and diffi-
cult packaging are the primary concerns when incorporating these sensors into
end-user vehicles. Moreover, as shown by Cai et al. [22], adapting LiDAR place
recognition methods [94, 101] directly for automotive radars can lead to a signif-
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icant decrease in performance due to the sparsity and the low number of points
when projecting the scans into an image.

Radar-based place recognition techniques address these challenges by exploit-
ing the additional Doppler velocity and radar cross section information provided
by the sensor. Several methods employ 2D spinning radars using handcrafted
features [1, 37, 84], learned features [12, 55, 155, 170], or contrastive learning,
as proposed by Yuan et al. [197]. They use the intensity image provided by the
spinning radar, encoding it into a descriptor that represents each place. Alter-
natively, solutions exist where the robot carrying a radar localizes within maps
collected using different sensor types, such as LiDARs [128, 135, 193], satellite
images [166], and binary maps [181]. This is particularly useful in locations where
data can be previously collected with high-accuracy sensing techniques, but these
maps are not always available. New approaches by Fu et al. [54] and Garcia-
Hernandez et al. [59] also combine multi-modal sensor fusion using camera and
radars for place recognition. Methods by Li et al. [117] and Zhang et al. [204]
that exclusively rely on automotive radar generally leverage a variant of inten-
sity ScanContext [179] as an additional component to their SLAM pipeline. How-
ever, their primary focus is on achieving a complete radar SLAM system, with
minimal emphasis on the place recognition component. Notably, Autoplace [22]
and TransLoc4D [145] aim for high-accuracy place recognition using automotive
radars. Autoplace, however, imposes limitations on geometric understanding be-
tween the points and restricts the features to a planar space. Additionally, it
relies on point cloud aggregation, which requires an additional odometer and
the availability of radar sub-maps for place recognition. Autoplace’s resulting
descriptor vector is also high-dimensional, compromising storage efficiency.

3.4 Long-Term Mapping and Localization
Long-term mapping and localization are crucial for the navigation of autonomous
vehicles within previously recorded maps. The goal is to achieve an accurate map
that can be extended over time and perform pose estimation within it. Long-term
mapping and localization involve three main steps: multi-session mapping, map
maintenance, and map-based localization.

Multi-session mapping aims to construct maps from data acquired at dif-
ferent points in time and to align them to a common reference frame. Vari-
ous approaches exist, proposed by Blanco-Claraco [17] and Lazaro et al. [111],
to maintain global consistency of maps in large-scale environments. Addition-
ally, Gupta et al. [67] and Lazaro et al. [112] address the problem of efficient
submap alignment. In particular, Kim et al. [96] and Yang et al. [191] address
multi-session mapping on LiDAR sensors. They align multiple maps by perform-
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ing ScanContext [94] place recognition on a reference session, creating a high
dependence on the pose accuracy and the coverage of the reference map. More-
over, they do not perform loop verification, which can lead to incorrect matches,
especially in sparse radar point clouds [24]. To date, there are no multi-session
mapping approaches specifically designed for radar data, requiring specialized
methods that effectively handle the noise and sparsity of radar scans.

Once the different maps are aligned to a common reference frame, map main-
tenance involves identifying map variations over time. Objects can be categorized
into dynamic, volatile, and persistent. Dynamic objects, such as pedestrians and
moving cars, are commonly identified online using learning-based techniques as
proposed by Zeller et al. [198] or the dynamic point outlier rejection strategies
by Kellner et al. [89]. Volatile objects may or may not move during a mapping
session, hence they are not always identifiable at runtime. Reasons for this may
include false negatives from failing object detectors or the absence of certain ob-
jects within the training dataset. Offline LiDAR approaches by Gil et al. [62],
Kim et al. [95, 96], and Lim et al. [119, 120], detect volatile objects and erase them
from existing maps by estimating the consistency between measurements, where
multiple LiDAR maps are combined and their difference is extracted. Further-
more, volatile objects may also include new construction sites and new buildings,
which need to be accounted for within the map. On the contrary, persistent
objects do not vary over time, and they are considered highly reliable for localiza-
tion [62]. A focus is also placed on how eliminating temporal changes affects the
final map size, map compression, or the localization performance [77, 96, 126, 196].
These methods, however, are specifically designed for removing outliers from
dense and accurate LiDAR scans. Radars, on the contrary, output sparse scans
with high amounts of random noise, clutter, and multi-path propagation, lead-
ing to challenges when computing scan-to-map point correspondences and when
identifying differences between maps built at different points in time.

After performing multi-session map alignment and map maintenance, we can
leverage the information of the map to improve the pose estimation accuracy by
performing map-based localization. Approaches can be categorized into abso-
lute and relative localization. Absolute localization estimates the absolute pose
of the robot on the entire map and is generally used for computing the first
pose for relative localization. Absolute localization approaches typically leverage
place recognition, described in Section 3.3. LiDAR approaches work well with
dense and accurate point clouds, such as the ones proposed by Chen et al. [36],
Kim et al. [94], and Wiesmann et al. [185]. Meanwhile, radar methods ex-
ploit the nature of radar scans, achieving higher performance in the radar do-
main [24] or localizing in different map modalities as suggested by Ma et al. [128],
Nayak et al. [135], and Yin et al. [193]. Relative localization methods assume a

47



3.4. Long-Term Mapping and Localization

known initial pose estimate. Although there is little published work specific to
relative localization, Wen et al. [182] and Yoneda et al. [195] match LiDAR scans
to high-definition maps. Meanwhile, Alamos et al. [3], Baek et al. [9] and Blanco-
Claraco [17] directly perform scan matching to the prior map. This kind of lo-
calization is generally achieved using scan-to-map point cloud registration [172].
However, during localization, incorrect point correspondences hinder scan match-
ing performance. These failures often result from movable elements in the scene
that have changed since the map was created. Some long-term localization ap-
proaches by Fang et al. [49] and Peng et al. [144] alternate between odometry and
localization based on the number of point correspondences, and Hroob et al. [75]
predict stable points of the environment during operation. These methods, how-
ever, rely on scan-to-map matching of dense and accurate LiDAR scans and face
limitations when applied to sparse radar scans.
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Chapter 4

Radar-Only Odometry
and Mapping

Sensor odometry plays a key role in the navigation of autonomous vehi-
cles in unfamiliar terrain. It allows autonomous vehicles to track their
own pose solely leveraging local sensor data, without relying on GNSS.
This process enables the vehicle to determine its pose in scenarios with

reduced satellite visibility, such as urban canyons and under dense foliage, or in
indoor scenarios like tunnels and parking lots. Accurate pose estimation is also
crucial for tasks that require knowing the vehicle’s pose over time, including mo-
tion planning and obstacle avoidance. Additionally, mapping enables the vehicle
to construct a representation of the environment over time. This information can
be later leveraged for trajectory planning and to improve localization accuracy.

Odometry and mapping are commonly achieved using cameras or LiDARs.
Existing approaches typically track features across multiple camera images [23]
or perform scan registration by matching elements within consecutive LiDAR
point clouds [172, 180]. However, as introduced in Section 2.1, these sensors are
affected by adverse weather such as heavy rain, snow, and fog. In contrast, au-
tomotive radars are resilient to environmental conditions [31]. They also provide
additional information, such as the Doppler velocity and radar cross section of
the measurements. Nevertheless, the noise and sparsity of their output challenge
the accuracy of radar odometry and mapping methodologies. State-of-the-art
approaches by Kellner et al. [89, 90] discussed in Section 3.1 assume a mostly
static environment and use only the Doppler velocities to estimate the vehicle’s
ego-motion. Moreover, velocity-based approaches often rely on estimating the
vehicle’s motion from a single scan. This can fail in edge cases where a large
dynamic object blocks the sensor’s field of view, as very few measurements be-
long to the actual static environment. Other approaches, including the works by
Kung et al. [109] and Aldera et al. [6], rely only on positional information of the
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Our radar odometry and mapping

LiDAR odometry and mapping

Figure 4.1: Satellite view of the odometry and mapping from our radar-ICP compared to
aggregated LiDAR data. Although the radar map is noticeably sparser, the estimated trajectory
by our radar-only method closely resembles the trajectory estimated using a LiDAR sensor.

measurements. Furthermore, very few approaches tackle the mapping task, and
only the methods by Kung et al. [110] and Weston et al. [183] address the radar
scan denoising task. However, their predictions focus on spinning radars, which
are hard to integrate into consumer vehicles.

In our work, we take inspiration from the LiDAR domain [69, 172] and demon-
strate how combining both velocity and positional information enhances radar-
only odometry. Moreover, we present a velocity pre-filtering strategy that elim-
inates outliers when the radar sensor is being blocked by large moving objects,
leading to enhanced trajectory estimation over time. In this chapter, we also
introduce a filtering strategy that uses velocity and point matches across scans
to eliminate outliers, and compare the results against its relative LiDAR map, as
shown in Figure 4.1.

The main contribution of this chapter is the introduction of three techniques
for online odometry and mapping that exploit the capabilities of automotive
radar sensors. We focus on two ego-motion estimation approaches and a novel
mapping step. The first method presents a novel point-to-point iterative clos-
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est point (ICP) technique specifically designed to leverage the Doppler velocity
measurements provided by 3D automotive radar sensors. The second method is
tailored for low-speed scenarios where the radar is being covered by large moving
obstacles such as trucks or buses. This configuration is particularly advantageous
for 2D radar sensors with a low number of points. Our approach combines a con-
stant velocity filter and Doppler velocity measurements to estimate the vehicle’s
ego-motion. We also give weight to the mapping stage and introduce a simple,
yet effective, filtering step to improve the quality of the resulting map. Finally,
we conduct an extensive evaluation using public real-world datasets.

In sum, we make three key claims. Our approach: (i) achieves state-of-the-
art results in 3D radar odometry using a point-to-point radar ICP approach;
(ii) accurately estimates odometry in 2D radars, particularly in scenarios where
most of the radar is blocked by large dynamic objects; and (iii) provides a simple
yet effective filtering step for radar map creation leading to a high similarity
compared to its corresponding LiDAR map.

4.1 Our Approach to Radar Odometry
In this chapter, we estimate the pose of the vehicle and store the sensor readings
in a map of the environment. For this, we introduce two new odometry methods
for 3D and 2D automotive radars. For the 3D case, we demonstrate how our
scan-to-map point-to-point ICP strategy achieves state-of-the-art accuracy using
the positional and velocity information of the measurements. For the 2D case, we
improve previous approaches by addressing scenarios where most of the radar’s
field of view is being covered by a moving obstacle. Throughout this chapter, all
measurements and velocities are expressed in the car frame; therefore, we omit
the left superscript C(·) to simplify notation.

4.1.1 Point-to-Point Radar ICP

One of the main challenges present in automotive radars is the sparsity of their
output point cloud. As a result, scan matching strategies that involve finding
point correspondences have been commonly outperformed by the normal dis-
tribution transform [109] and other probabilistic approaches as introduced by
Haggag et al. [68]. However, we demonstrate how Doppler velocity information
provided by the radar sensors can be leveraged to augment the point-to-point
ICP algorithm, leading to high registration accuracy. We demonstrate how the
method benefits from the higher number of points and the additional axis pro-
vided by 3D radars, while still providing accurate results for 2D radar sensors.
As introduced in Section 2.5.2.1, the goal of point-to-point ICP is to obtain the
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transformation T ∈ SE(3) that minimizes the distance between a source point
set p ∈ P , and a target point set q ∈ Q. In our method, we address the sparsity
of radar point clouds by building Q as a submap that aggregates the previous
scans. Each iteration involves two steps.

First, we obtain the set of N point-to-point correspondences between the two
point clouds based on the Euclidean distance between matches. Then we minimize
the point geometric error function Et between all correspondences following

Et(T) =
N∑
k=1

ρt(||Tpk − qk||), (4.1)

where ρt refers to the Geman McClure kernel to reduce the effect of outliers,
similar to the work by Vizzo et al. [172].

As in Equation (2.76), we derive the Jacobian of the position error Jtk ∈ R3×6

for the kth point using its Lie algebra formulation from Section 2.4 as

Jtk =
[
I3×3 −(Tpk)

∧
]
. (4.2)

Equation (4.1) is used with regular LiDAR sensors, which often include only
positional information. Nevertheless, radars also provide additional Doppler ve-
locity information of each point that can be exploited to improve pose estimation
accuracy. In our approach, we follow the derivation presented in Section 2.2 on
page 21 to express the vehicle velocity projected to the radial direction of the mea-
surement. In this case, however, we cannot directly compute the projection of the
vehicle velocity into the direction of the measurement vprojk ∈ R, since we do not
know the true linear and angular velocities of the vehicle vC ,ωC ∈ R3. Instead,
we leverage the estimated velocities at the current ICP iteration, v̂C , ω̂C ∈ R3,
to compute the estimated projection v̂projk ∈ R. We then compare it with the
measured Doppler velocity by the radar sensor vrk for each point to correct the
point-to-point ICP estimation error.

To obtain v̂C and ω̂C , we first express the current transformation T as its Lie
algebra using the logarithmic mapping from Section 2.4 following

Log(T) : SE(3) → ξ̂ =

[
ρ̂C

ϕ̂C

]
∈ R6. (4.3)

The estimated velocities of the vehicle are computed given the time increment
between two radar scans, following

˙̂
ξ =

[
v̂C

ω̂C

]
=

1

∆t

[
ρ̂C

ϕ̂C

]
. (4.4)

We leverage the estimated vehicle velocities to get the estimated projection
following Equation (2.26), which adapts to

v̂projk = −(dS
pk
)⊤

(
v̂C + ω̂C × tCS

)
= − 1

∆t
(dS

pk
)⊤

(
ρ̂C + ϕ̂C × tCS

)
. (4.5)
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The unit vector dS
pk

indicates the direction vector of the sensor measurement
with respect to the radar given in the car frame.

The final velocity error Ev is defined as the residual between the measured
Doppler velocity by the radar vrk , and the estimated projection v̂projk of the vehicle
velocity into the measurement direction according to

Ev(T) =
N∑
k=1

ρv(||vrk − v̂projk ||), (4.6)

where the Geman McClure kernel ρv is tuned empirically based on the distribution
of the velocity residuals in a radar scan.

We compute the Jacobian of the vehicle velocity error Jvk ∈ R1×6 by deriv-
ing Equation (4.5), which results in

Jvk =

[
−dS

pk

∆t

−dS
pk
× tCS

∆t

]
. (4.7)

The optimization problem outputs the locally optimal transform between the
previous pose and the current one T∗ ∈ SE(3). The final error function depends
on the point positions and velocities following

T∗ = argmin
T

[
(1− γ)Et(T) + γEv(T)

]
, (4.8)

where parameter γ ∈ [0, 1] allows us to weigh each error type individually. Note
that a value of γ = 0 would result in simple point-to-point ICP without taking
into consideration the Doppler velocities.

The final Jacobian J(t,v)k
∈ R4×6 is obtained by combining the point-to-point

ICP Jacobian with the velocity Jacobian following

J(t,v)k
=

 I3×3 −(Tpk)
∧

−dS
pk

∆t

−dS
pk
× tCS

∆t

 . (4.9)

Given the residual from Equation (4.8) and the Jacobian from Equation (4.9),
we can formulate the optimization as a least-squares problem which can be opti-
mized with the Gauss-Newton method as described in Section 2.3.3.2.

4.1.2 Single-Scan Odometry and Velocity Filter
As we have already seen, the Doppler velocities provided by the radars can be
exploited for pose estimation. In the 2D radar domain, and under the assumptions
of a mostly static environment, Kellner et al. [89] propose a least squares solution
to directly estimate the vehicle’s odometry without performing scan matching.
Their approach leverages RANSAC [52] as a dynamic outlier rejection technique.
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Figure 4.2: Scenario where a truck is moving in front of a static radar sensor. The method by
Kellner et al. [89] fails by considering the truck’s wheels as inliers. Our filter eliminates points
that do not match the vehicle’s motion, leading to an accurate ego-velocity estimation.

It requires a minimum of two velocity measurements from stationary targets to
output a solution, making it appropriate for radars with a low number of points
like the 2D Continental ARS408 sensor used in the nuScenes [21] dataset, which
has a maximum of 125 points per scan. However, solely relying on the current
scan as proposed by Kellner et al. [89] makes the system vulnerable to scenarios
where most of the points measured by the radar sensor come from a large moving
object, as illustrated in Figure 4.2. Our method addresses these edge cases by
introducing a filtering step prior to RANSAC outlier removal. This filter only
keeps feasible samples according to the car’s previous movement following the
constant velocity motion model, under the assumption that a vehicle will have no
substantial changes in velocity between two consecutive scans, which automotive
radars typically capture in 50ms intervals.

To achieve this, we approximate the translation and angular velocities in
the current time step by leveraging the pose estimates from the two previous
scans, Ti−1 and Ti−2 ∈ SE(3). We compute a constant velocity estimate of the
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Figure 4.3: The local map is built by comparing the current scan to the previous M = 3 scans.
Comparing the distance d of each point in the current scan to its closest neighbor in the local
submap, we determine if a point is an outlier if the distance is higher than threshold δ.

car velocities following [
ṽC

ω̃C

]
=

Log(T⊤
i−2 Ti−1)

∆t
, (4.10)

where ∆t is the difference in timestamps between the previous and the current
scan, and Log(·) extracts the linear translation for each axis, as well as the axis-
angle representation of the rotation, as described by the Lie theory, Section 2.4.

Similar to Equation (4.5), the predicted velocity in the radial direction for
each kth point in the current scan can be estimated by computing the projection
of the sensor velocity in the vehicle frame to the direction of the measurement
according to

ṽprojk = −(dS
pk
)⊤

(
ṽC + ω̃C × tCS

)
. (4.11)

Then, it is possible to filter each point with a measured Doppler velocity vrk
that does not match the predicted point velocity within a threshold following

vrk − ṽprojk < ε, (4.12)

where ε is adjusted empirically based on the radar velocity resolution.
This simple thresholding method serves as a first-step filtering executed before

RANSAC [52], helping to reduce the risk of failure by rejecting outliers.

4.2 Constructing a Radar Map
In the previous sections, we presented our methods for accurately estimating the
pose of the vehicle and filtering out dynamic point outliers. During pose estima-
tion, we can construct the environment map by aggregating the radar scans within
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the estimated poses. Nevertheless, as radar point clouds are noisy, it is important
that only valuable points are stored for future localization. We propose a simple
yet effective strategy to improve the consistency of the points in the resulting
map, filtering out clutter and noise from the radar scans. We approach this using
the principle of scan-to-submap matching introduced by Newcombe et al. [136].

In our method, illustrated in Figure 4.3, we initialize the map with the first M
measured unfiltered scans. We then compare the new radar measurements with
the previous M aggregated scans and find the point correspondences between
them within a radius δ, similar to the ICP matching step in Section 4.1.1. Every
point that has a correspondence will be considered as an inlier, and those points
without correspondences will be discarded. We obtain the final radar map by
aggregating all the filtered scans within a sequence, resulting in a clean map with
a low number of noise and clutter outliers.

4.3 Implementation Details
In our implementation, we build upon KISS-ICP [172] to support radar point
cloud data. We add the Doppler velocities to the ICP formulation with a Doppler
weight γ = 0.1, as well as our proposed RANSAC outlier pre-filter, where we set
a threshold of ε = 0.5m/s for the nuScenes dataset [21] and ε = 0.1m/s for the
View of Delft [139] dataset. As for constructing the radar map, we aggregate the
previous M = 3 scans and retain point correspondences within a radius δ = 1.5m
in our evaluation.

4.4 Experimental Evaluation
We present our experiments to show the capabilities of our work. The results of
our evaluation support our key claims that our work: (i) achieves state-of-the-
art results on 3D radar odometry using a point-to-point radar ICP approach;
(ii) accurately estimates odometry in 2D radars, particularly in scenarios where
most of the radar is blocked by large dynamic objects; and (iii) provides a simple
yet effective filtering step for radar map creation leading to a high similarity
compared to its corresponding LiDAR map.

4.4.1 Experimental Setup and Metrics
We evaluate our strategies in real-world scenarios, leveraging the nuScenes [21]
and View of Delft [139] datasets for 2D and 3D automotive radars, respectively.
We first evaluate our work on odometry by comparing it to the dataset refer-
ence trajectories and to other radar and LiDAR methods. Moreover, we focus on

56



4. Radar-Only Odometry and Mapping

planar trajectories, removing all vertical movement from the pose estimates. We
denote our ICP approach from Section 4.1.1 as “Radar ICP” and our constant
velocity filter method from Section 4.1.2 as “Velocity filtered”. The best results
on radar data are shown in bold. We show the results for generic scenarios as
well as for some edge cases that particularly benefit from our work. We employ
the evo library [65] to compute the relative translation and rotation error met-
rics tRPE and rRPE, from Section 2.5.5, and report the mean, root-mean-squared
error (RMSE), and standard deviation (std.) results.

We evaluate the filtered radar map with respect to the LiDAR map by con-
structing the reference map and removing dynamic objects from the LiDAR point
clouds based on ground truth annotations and the poses estimated by our odome-
try. As we are only using the front-facing radars in both datasets, we only consider
LiDAR points within the camera field-of-view. Moreover, in nuScenes [21], the
radar range of 250m is much larger than the LiDAR’s of 100m. Thus, we only
consider radar points within the LiDAR range for evaluation. We use the sym-
metric chamfer distance SCD(R ⇆ L) to measure similarity between the radar
map points R and the LiDAR map points L. It measures the average bidirec-
tional closest-point matching error between radar and LiDAR maps. A smaller
distance indicates better results, i.e., two point clouds are similar to each other,
while a larger distance indicates a big difference between them. It is defined as

SCD(R⇆ L) = 1

|R|
∑
r∈R

min
l∈L
∥r− l∥2 + 1

|L|
∑
l∈L

min
r∈R
∥l− r∥2. (4.13)

Additionally, in order to reduce the effect of 2D radar noise points being
matched with the LiDAR ground points in nuScenes, we also show the asymmetric
chamfer distance ACD(R → L) measuring only the similarity from the radar to
the LiDAR map, defined as

ACD(R→ L) = 1

|R|
∑
r∈R

min
l∈L
∥r− l∥. (4.14)

4.4.2 Performance on View of Delft 3D Radar Dataset
The first experiment evaluates the accuracy of our 3D radar odometry estima-
tion pipeline in comparison to other methods. This evaluation supports our
claim that leveraging Doppler velocity information with point-to-point ICP can
yield high accuracy, obtaining state-of-the-art results in 3D radar odometry.
We evaluate both of our methods in the 3D radar dataset [139] and compare
them with other approaches in Table 4.1, including point-to-point ICP [16],
KISS-ICP [172] on radar and LiDAR data, the ego-motion estimation approach
by Kellner et al. [89], point-to-plane DICP [69], and the deep learning-based ap-
proach 4DRVO-Net [207], which combines camera and radar data.
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Table 4.1: Our approach sets a new benchmark for radar odometry on View of Delft [139].

tRPE [m] rRPE [◦]

Mean RMSE std. Mean RMSE std.

KISS-ICP (LiDAR) [172] 0.048 0.060 0.036 0.051 0.080 0.061

4DRVO-Net [207] 0.080 - - 0.070 - -
DICP [69] 0.079 0.101 0.061 0.073 0.168 0.145
Kellner et al. [89] 0.078 0.116 0.059 0.097 0.171 0.120
Point-to-point ICP [16] 0.067 0.088 0.055 0.064 0.100 0.073
KISS-ICP (Radar) [172] 0.061 0.073 0.040 0.074 0.114 0.080

Velocity filtered (Ours) 0.078 0.115 0.059 0.097 0.170 0.116
Radar ICP (Ours) 0.049 0.062 0.036 0.059 0.089 0.066

Table 4.2: Our approach sets a new benchmark for radar odometry on nuScenes [21].

tRPE [m] rRPE [◦]

Mean RMSE std. Mean RMSE std.

KISS-ICP (LiDAR) [172] 0.013 0.016 0.012 0.035 0.051 0.051

CREME [68] - 0.012 - - 0.100 -
Kellner et al. [89] 0.010 0.011 0.009 0.108 0.174 0.206
Point-to-point ICP [16] 0.354 0.641 2.246 0.468 0.875 4.871
KISS-ICP (Radar) [172] 0.133 0.162 0.104 0.149 0.196 0.140

Velocity filtered (Ours) 0.009 0.011 0.008 0.088 0.117 0.110
Radar ICP (Ours) 0.012 0.015 0.009 0.085 0.126 0.089

Overall, our radar ICP approach gives the best scan-to-scan tRPE and rRPE

results compared to other radar methods, achieving accuracy comparable to
LiDAR. Note that KISS-ICP is a state-of-the-art method for LiDAR scan regis-
tration, based on classical point-to-point matching. The good results of KISS-ICP
on radar data show the importance of point-to-point positional information, im-
proved by our technique that exploits the Doppler velocity measurements.

4.4.3 Performance in Presence of Large Dynamic Objects
The second experiment studies the performance of our second odometry method
in 2D radars when big moving objects are blocking the radar’s field of view. While
the View of Delft dataset [139] is good for evaluating odometry and mapping,
the driving scenarios are limited to a specific area in a city, and most outliers
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4. Radar-Only Odometry and Mapping

Table 4.3: Our filtering improves the symmetric chamfer distanc (SCD) and the asymmetric
chamfer distance (ACD), expressed in [m2], between LiDAR and radar maps.

View of Delft NuScenes
SCD(R⇆ L) ACD(R→ L) SCD(R⇆ L) ACD(R→ L)

No filter 10.98 1.20 44.22 2.44
Random 10.91 1.20 45.36 2.44

Ours 3.61 0.66 40.47 1.92

belong to small objects that can be easily removed by RANSAC [52]. However,
the nuScenes dataset [21] has a wider variety of cases, some of which include
trucks and buses almost blocking the complete field of view of the radar, as seen
previously in Figure 4.2.

Our results from Table 4.4 show scenes where a big truck or bus is directly
turning in front of the estimating vehicle. We also evaluate our method on the full
dataset in Table 4.2 comparing it against point-to-point ICP [16], KISS-ICP [172]
on radar and LiDAR, the approach by Kellner et al. [89], and CREME [68].

As shown in Table 4.4, our 2D odometry strategy accurately estimates the
trajectory by reducing the influence of outliers from large moving objects. This
results in enhanced pose estimates with respect to its baseline [89]. In addition,
despite our technique not having a significant impact on the View of Delft dataset,
see Table 4.1, Table 4.2 shows that our filtering does improve the overall accuracy
over the nuScenes dataset, particularly benefiting 2D automotive radars.

4.4.4 Mapping Results

The last experiment evaluates our mapping stage, showing how our filtering tech-
nique achieves maps with reduced outliers. We report quantitatively in Table 4.3
and qualitatively in Figure 4.4 that our filtered map obtains improved similarity
with the LiDAR map. We also display the LiDAR maps for comparison with the
unfiltered and filtered radar maps.

The qualitative results from Figure 4.4 show how our strategy removes a sub-
stantial amount of outliers that do not belong to structural elements. Addition-
ally, dynamic outliers are also being filtered out thanks to the Doppler velocity
provided by the radar. Furthermore, Table 4.3 shows that our approach leads
to an improvement in symmetric and asymmetric chamfer distances, and while
it removes a high amount of noise and dynamic outliers, it preserves the struc-
tures in the environment. Subsequently, the filtered map has a remarkably higher
similarity than the unfiltered map and the map filtered using random sampling.
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Table 4.4: Our 2D odometry achieves improved results on nuScenes [21] sequences with the presence of big moving objects. tRPE in [m] and rRPE in [◦].

0224 0242 0587 0739 0749 0875 0998 Mean

tRPE rRPE tRPE rRPE tRPE rRPE tRPE rRPE tRPE rRPE tRPE rRPE tRPE rRPE tRPE rRPE

Kellner et al. [89] 0.0075 0.3088 0.0088 0.4698 0.0031 0.1087 0.0066 0.1832 0.0060 0.4157 0.0071 0.2390 0.0120 0.3103 0.0071 0.2859
CREME [68] 0.0044 0.0812 0.0051 0.0867 0.0027 0.0675 0.0056 0.0714 0.0030 0.0630 0.0032 0.0528 0.0066 0.0800 0.0044 0.0718

Velocity filtered (Ours) 0.0036 0.0435 0.0031 0.0672 0.0020 0.0294 0.0052 0.0514 0.0022 0.0359 0.0024 0.0434 0.0060 0.0653 0.0034 0.0472
Radar ICP (Ours) 0.0164 0.3288 0.0224 0.3461 0.0104 0.1494 0.0106 0.1161 0.0178 0.0617 0.0123 0.204 0.0328 0.2621 0.0175 0.2097

nuScenes 

 Radar inliers vs outliers Radar inliers LiDAR

View of Delft

 Radar inliers vs outliers Radar inliers LiDAR

Radar inliers LiDAR points Radar outliers Vehicle trajectory 

Figure 4.4: Our filtering procedure removes a high amount of dynamic point outliers and radar clutter on nuScenes [21] and View of Delft [139] maps.
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4.5 Conclusion
In this chapter, we presented three components that enhance online odometry and
mapping accuracy relying solely on automotive radars. Our work encompasses
two novel ego-motion estimation approaches and a mapping step, collectively en-
hancing the capabilities of radar-driven navigation. Our 3D radar method uses
classical point-to-point ICP, leveraging the Doppler velocity measurements pro-
vided by the radar. We include this information in the ICP objective function,
leading to enhancements in trajectory estimation accuracy. Our 2D radar ap-
proach exploits a constant velocity filter for scenarios where most of the sensor’s
field of view is covered by large dynamic objects. It assumes a constant-velocity
motion model between two consecutive radar scans to pre-filter the radar point
cloud and prevent drifting trajectories due to moving elements in the scene. More-
over, our filtering steps also lead to a highly outlier-free map that preserves the
structural elements within the scene. We implemented and evaluated our ap-
proach on two datasets that include 3D and 2D automotive radars, and com-
pared it against the state of the art on LiDAR and radar odometry. The exper-
iments suggest that our approach achieves state-of-the-art odometry estimates
and demonstrates how simple filtering can lead to improvements in mapping ac-
curacy. Leveraging our odometry techniques, we accurately estimate the pose
of an autonomous vehicle navigating an unknown environment solely relying on
automotive radar sensors. Furthermore, our map filtering approach helps reduce
the noise in radar maps, resulting in cleaner maps for localization.

It should be noted, however, that the evaluations conducted in this chapter
are primarily focused on planar motion. A key limitation of these odometry
strategies is that automotive radars suffer from reduced vertical resolution, as
already mentioned in Chapter 2. This can lead to substantial drift along the
vertical direction. In the following chapter, we address this issue by exploring
additional information present in radar scans and leveraging the ground plane as
an odometry constraint.
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Chapter 5

Ground-Aware Radar Odometry

Ometry approaches estimate the pose of an autonomous vehicle over
time without relying on external satellite signals or a map. In the
previous Chapter 4, we evaluated radar odometry techniques for ve-
hicles mainly moving on a plane. However, real vehicles typically

navigate on roads with small slope variations rather than completely flat ter-
rains, also requiring accurate motion estimation in the vertical direction. A key
challenge in radar odometry arises from the reduced vertical resolution of 3D au-
tomotive radar sensors and the lack of vertical features within radar point clouds.
Subsequently, matching radar scans along the vertical axis can degrade odometry
accuracy, resulting in substantial vertical drift.

A straightforward approach to handle this limitation is to mount two radar
sensors close to each other, as proposed by Huang et al [79]. The two sensors
can be oriented vertically and horizontally, mitigating the sparsity and lack of
vertical features. Although they achieve accurate odometry in the vertical direc-
tion, this solution can lead to bulky sensor setups. As introduced in Section 3.2,
researchers in the LiDAR domain constrain the vertical pose estimation problem
by leveraging the ground as an additional source of information [98]. Since this
issue is also partially present in LiDAR-only odometry, prior ground plane com-
putation approaches by Himmelsbach et al. [71] and Steinhauser et al. [165] rely
on heuristics to fit lines and planes to point sets within the LiDAR scan, classi-
fying points as ground or non-ground. In more recent work, Zermas et al. [201]
propose to use principal component analysis, and others divide the scan into
multiple concentric regions [114, 121, 134], leveraging the LiDAR ring properties
for their segmentation method. These methods, however, have been developed
for LiDAR sensors, relying on low noise, little multi-path propagation below the
ground, and concentric point clouds from spinning laser devices. This is not the
case with automotive radar sensors, which output sparse point clouds with high
amounts of noise and multi-path propagation.
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Figure 5.1: Our ground segmentation approach on sparse and noisy 3D radar scans. The top
image displays a point cloud with the segmented ground points from the car’s perspective. We
use this information for vehicle odometry estimation. Below we show a graphic representation
of the environment captured by the radar, with the ground points colored in red [160].

In our work, we leverage automotive radars for ground segmentation and ac-
curate vertical motion estimation, see Figure 5.1. We propose a heuristic-based
technique to extract the ground plane from automotive radar scans. We also
introduce a novel point-to-ground-plane residual to reduce drift during ICP scan
matching, and leverage a sliding window optimization approach of the poses to-
gether with the ground plane, leading to improved vertical motion estimation.
We put our odometry to the test using the SJTURadarDataset [117]. Our find-
ings illustrate an improvement in pose accuracy accompanied by a noticeable
enhancement of the vertical motion pose estimates.

The main contribution of this chapter is an effective radar odometry approach
that exploits the ground plane within automotive radar scans, without relying on
any additional sensors. We achieve this by removing points that do not belong to
a feasible ground region, leveraging the RCS information provided by the radar,
extracting the ground plane from the scans, and matching it across consecutive
frames in a point-to-ground-plane manner. We also use sliding window-based
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optimization within a factor graph, including a ground plane node, which leads
to an improvement in our radar-only odometry results. In sum, we make three
key claims. Our approach: (i) achieves state-of-the-art performance in automotive
radar odometry; (ii) successfully exploits the RCS feature of automotive radars
to estimate the ground plane from single radar scans; (iii) improves odometry
accuracy by leveraging the ground plane through scan-to-map matching during
scan registration, and across multiple scans via factor graph optimization.

This work has been performed in close collaboration with Franz Kaschner.
My main contribution regards the novel design of the RCS ground filtering step
in Section 5.1.1 and ground plane matching in Section 5.1.2. His contribution
lies in the ground plane pose graph optimization discussed in Section 5.1.3 and
implementation details. We report it here for the sake of completeness.

5.1 Our Approach to Ground-Aware
Radar Odometry

Our technique aims to achieve accurate radar odometry with improved estimates
of the vehicle’s vertical motion. The process involves three steps. First, we ex-
ploit the radar properties to estimate the ground plane within a single scan, Sec-
tion 5.1.1. Then, we match the ground plane between two consecutive radar
scans during ICP optimization, Section 5.1.2. We also leverage the ground as
an additional constraint during factor graph optimization, where the measured
ground plane is compared against a global ground, Section 5.1.3. In our approach,
we assume typical driving scenarios with small changes in elevation, imposing a
softer constraint that is less restrictive than a complete flat-world assumption.
Since most measurements and velocities within this chapter are expressed in the
car frame, we omit the left superscript C(·) for better readability.

5.1.1 Ground Plane Segmentation and Detection
The sparse nature of radar point clouds poses challenges in extracting meaningful
features from radar scans. However, the combination of the mounting position
and the radar field of view can return multiple points belonging to the ground
plane. Although LiDAR ground plane extraction algorithms by Lim et al. [121]
and Pan et al. [140] exist, these methods often do not account for the character-
istics of radar scans, which are noisier, sparser, and contain fewer ground points
than LiDAR scans. We propose a simple strategy that exploits the properties of
the measured ground points, segmenting them from the rest and extracting the
parameters of the ground plane at the current time, as illustrated in Figure 5.2.
Given a radar point cloud Pt at timestep t, the goal of ground plane segmentation
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5.1. Our Approach to Ground-Aware Radar Odometry

Figure 5.2: Steps of our ground plane segmentation and estimation. First, spatial filtering
discards points outside of predefined physical boundaries. Then, a normal filtering step keeps
individual points that form a horizontal plane with its neighbors, followed by an RCS filter that
removes points with RCS values outside of a defined range β. Finally, outliers not belonging to
the ground plane are discarded, and the ground plane is estimated and validated.

is to obtain a set of points Gt that correspond to ground measurements, which
we can leverage to estimate a ground plane πt = [nt, dt]

⊤, defined by its nor-
mal nt ∈ R3, with ∥nt∥ = 1, and the distance to the origin dt ∈ R. Our approach
consists of five main steps. During spatial filtering, Section 5.1.1.1, points that do
not belong to a feasible ground region are discarded. The points in the region are
then checked for verticality with their neighbors in Section 5.1.1.2. The remain-
ing points are then checked for their RCS value, and only measurements within a
specific range are kept, see Section 5.1.1.3. Finally, we estimate the ground plane
using RANSAC in Section 5.1.1.4, and validate it under the assumption that its
normal is within a feasible range in Section 5.1.1.5.

5.1.1.1 Spatial Filtering

We perform spatial filtering based on the sensor mounting height hsensor and dis-
card points outside a predefined feasible region where the ground plane can be
detected. The LiDAR approach by Zermas et al. [201] relies on the assump-
tion that the points with minimum height within the scan most likely belong to
the ground. Furthermore, Patchwork, by Lim et al. [121], considers scans that
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Figure 5.3: Aggregated scans from the SJTURadarDataset [117] colored by their RCS values.
The ground points are flat and have specific RCS values compared to other radar targets.

provide a full 360-degree field-of-view. However, radar scans often contain re-
flections below the ground level due to multi-path propagation, with most points
concentrated in front of the sensor. Thus, the lowest points cannot be used for
estimating the ground plane. To capture ground points, we propose to use a
bounding box that extends within a range [dmin,x, dmax,x] to the front in the x-
direction, a symmetric range to the sides in the y-direction [−dy, dy] and a height
tolerance range in the vertical direction [−hsensor − dz,−hsensor + dz]. Using the
logical AND operator ∧, the resulting set of points G ′′′t is defined by

G ′′′t = {p ∈ Pt | x ∈ [dmin,x, dmax,x] ∧ |y| ≤ dy ∧ |z + hsensor| ≤ dz} . (5.1)

5.1.1.2 Normal Estimation and Filtering

To remove measurements corresponding to noise, clutter, or surrounding objects,
we compute the normal vector of the feasible ground points G ′′′t . We estimate the
normal ni of each point by computing the covariance of all neighbors within a
radius and performing principal component analysis. A point is retained if the
angle θpoint,i between the normal and the z-axis is below a threshold θpoint,max.
Given the unit vector in the vertical direction ez, we keep points that fulfill

G ′′t =
{

pi ∈ G ′′′t
∣∣ n⊤

i ez > cos(θpoint,max)
}
. (5.2)
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5.1.1.3 RCS Filtering

After finding the points belonging to the horizontal plane, we leverage the radar
cross section (RCS) property measured by the sensor. As described in the radar
sensor fundamentals, Section 2.1, the RCS is a feature measured by automotive
radars for each point that represents the reflectivity properties of the measured
target by the radar. It depends on various properties of the target, including its
material, the incidence and reflection angle, and the size of the target. During
our experiments, we observed that the RCS of the ground differs from the RCS of
other objects, as shown in Figure 5.3. Consequently, we refine the set of potential
ground points G ′′t by leveraging the distribution of radar cross section values.

To achieve this, given that each point in G ′′t has an associated RCS value σi,
we approximate the underlying RCS distribution in a continuous manner with
a kernel density estimate. Specifically, we build a continuous RCS probability
distribution p(σ) using G = |G ′′t | Gaussian kernels, each centered at σi following

p(σ) =
1

G

G∑
i=1

1√
2πν

exp
(
−(σ − σi)

2

2ν2

)
, (5.3)

where the standard deviation ν is determined using Scott’s rule [158] for one-
dimensional data, i.e., ν = N− 1

5 . Then, we determine the maximum RCS value
from the probability density function as

σmax = argmax
σ

p(σ), (5.4)

and remove all points outside of a manually set range β. Additionally, we keep
the points where the RCS value of a point is below a threshold σthres, resulting
in the set

G ′t =
{

pi ∈ G ′′t
∣∣ ∣∣σi − σmax

∣∣ ≤ β ∧ σi < σthres
}
. (5.5)

5.1.1.4 RANSAC-Based Filtering and Plane Estimation

We leverage RANSAC [52] to estimate the final ground plane parameters, includ-
ing the normal nt and distance to the origin dt. We discard all remaining points
that are over a certain distance γ from the estimated plane, resulting in the final
set of ground points Gt defined as

Gt =
{

p ∈ G ′t |
∣∣n⊤

t p + dt
∣∣ ≤ γ

}
. (5.6)

5.1.1.5 Ground Plane Validation

The final step of our approach is to verify that the estimated ground plane normal
remains within a feasible range with respect to the vertical axis. Due to the
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vehicle’s pitch and roll angles as well as the road’s slope, small deviations from
the vertical direction are possible. We define the ground plane as valid if the
angle θplane between its normal nt and the unit vector in z-direction ez is below
a threshold θplane,max, such that

n⊤
t ez > cos(θplane,max). (5.7)

When this condition is not met, we determine that the ground plane cannot
be successfully estimated and exclude it from scan registration. This may occur
due to a low number of measurements or steep slopes. Note that while the normal
filtering step described above applies the verticality check to each point, here the
final ground plane parameters are being verified.

5.1.2 Exploiting the Ground Plane During ICP
Rather than relying on the flat world assumption during scan matching, we lever-
age the extracted ground plane for ICP optimization. Our ground-based scan
matching module combines a point-to-point error metric with a point-to-ground-
plane error to find the transformation that aligns the current radar scan to the
previous radar scans in the local map. For point-to-point ICP, we adopt the
position residual from Equation (4.1), where the goal is to obtain the transfor-
mation T ∈ SE(3) that minimizes the distance between a source point set p ∈ P ,
and a target point set q ∈ Q. Our point-to-ground-plane ICP error function Eg

minimizes the distance between a ground point pg ∈ Gt from the current scan,
and the ground plane of the previous scan πt−1 = [nt−1, dt−1]

⊤ according to

Eg(T) =
∑

pg∈Gt

ρ
(
||n⊤

t−1(Tpg) + dt−1||
)
, (5.8)

with the Geman McClure kernel ρ to potentially reduce the effect of outliers as
employed by Vizzo et al. [172].

For the point-to-ground-plane residual, the Jacobian Jg ∈ R1×6 is defined as

Jg =
[
n⊤
t−1 −n⊤

t−1(Tpg)
∧
]
. (5.9)

The final optimization problem, which combines the positional and point-to-
ground-plane error functions, is similar to Equation (4.8). We define it with a
hand-tuned weight α ∈ [0, 1] that measures the influence of each residual following

T∗ = argmin
T

[
(1− α)Et(T) + αEg(T)

]
. (5.10)

The final Jacobian Jt,gk ∈ R4×6 that combines the point-to-point residual of
point pk and the point-to-ground residual of a ground point pg is defined as

Jt,gk =

[
I3×3 −(Tpk)

∧

n⊤
t−1 −n⊤

t−1(Tpg)
∧

]
. (5.11)
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...

Figure 5.4: Factor graph containing odometry and ground constraints. Each pose within an
optimization window has a ground plane that is matched with a global ground plane πG.

5.1.3 Ground Plane Pose Graph Optimization

The previous section explained how adding ground information to the ICP algo-
rithm helps reduce the error between the ground points Gt in the current scan
and the ground plane πt−1 in the previous scan. We now add an additional con-
straint to our system that considers a global ground plane over an entire sequence,
similar to the LiDAR approach by Koide et al. [98]. This acts as a dampening
effect of drifting vertical motion over time. To achieve this, we create a factor
graph, shown in Figure 5.4, with local constraints between the pose estimations
using odometry factors, and a global constraint between the estimated ground
plane and a global horizontal ground plane node. We follow the factor graph
formulation introduced previously in Section 2.5.4.1 on page 35.

The odometry factor residual is dependent on the states at the previous and
the current timesteps, xt−1,xt ∈ R6. It is defined as

fodom(xt−1,xt;TI
CT), (5.12)

where TI
C ∈ SE(3) represents the estimated transformation from the inertial

frame to the previous pose of the vehicle, and T, which was defined previously,
expresses the relative transformation between the previous and the current pose.

Regarding the plane factors, we assume that the trajectory has no significant
variations in slope within an optimization window. This assumption is reasonable
for typical driving scenarios such as highways and rural roads. Consequently, the
normal of the global ground plane coincides with the vertical z-direction Iez and
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the distance to the origin is the sensor mounting height hsensor, such that

IπG = [InG, dG]
⊤ = [Iez, hsensor]

⊤. (5.13)

To compare the estimated ground plane with the global ground, we first ex-
press the local ground plane πt with respect to the inertial frame following

Iπt = (TC
I )

⊤ πt. (5.14)

Given the minimal plane parameterization introduced by Ma et al. [127] that
includes the azimuth and elevation of the normal, and its distance to the origin,
which is defined as

τ (π) =
[
atan2 (ny, nx) , atan2

(
nz,

√
n2
x + n2

y

)
, d
]⊤

, (5.15)

we can compute the factor between the global ground plane IπG and the local
ground plane observation Iπt expressed in the inertial frame following

fground(xt; τ (
IπG)− τ (Iπt)). (5.16)

We leverage window-based optimization considering the last N scans to opti-
mize the factor graph. The final factor graph cost function is given as

x∗ = argmin
x

[
t∑

i=t−N

∥∥fodom(xi−1,xi;TI
CT)

∥∥
Σodomi

+ (5.17)

t∑
i=t−N

∥∥fground
(
xi; τ (

IπG)− τ (Iπi)
)∥∥

Σgroundi

]
, (5.18)

with their corresponding odometry and ground plane factor covariance matri-
ces, Σodomi

and Σgroundi
, respectively. In cases of an invalid ground plane estima-

tion at step i, the ground plane factor is skipped, and only the odometry factor
is added to the factor graph.

5.2 Implementation Details
The chosen parameters for the evaluation on the SJTURadarDataset [117] are
listed in Table 5.1. We tune the spatial filtering parameters empirically by visu-
alizing the radar scans and finding the area most likely to have ground points.
Similarly, the RCS filter is also set empirically by observing the RCS values of
the ground points. Regarding the verticality conditions θpoint,max and θplane,max,
we restrict our approach to locations with slight slope variations. Moreover, we
assign a high value to the ICP weighting parameter α as a way of compensating
for the small amount of ground points present within a single radar scan.
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Table 5.1: Hyperparameters of our method for the SJTURadarDataset [117].

Spatial filtering

sensor height hsensor 0.663m
minimum x-value dmin,x 0.5m
maximum x-value dmax,x 9.0m
y-range dy 2.0m
z-range dz 0.2m

Normal filtering point vertical threshold θpoint,max 15.0°

RCS filtering threshold σthres -35.0 dBm2

range β 20.0 dBm2

Outlier removal RANSAC threshold γ 0.02m

Ground plane validation plane vertical threshold θplane,max 1.0°

Graph optimization sliding window size N 20

Ground-ICP weighting factor α 0.993

5.3 Experimental Evaluation
This chapter focuses on developing an automotive radar odometry method that
exploits the ground plane information as an additional feature for pose estima-
tion. We present our experiments to show the capabilities of our method. The
results support our key claims that our approach: (i) achieves state-of-the-art
performance in automotive radar odometry; (ii) successfully exploits the RCS fea-
ture of automotive radars to estimate the ground plane from single radar scans;
and (iii) improves odometry accuracy by leveraging the ground plane through
scan-to-map matching during scan registration, and across multiple scans via
factor graph optimization.

5.3.1 Experimental Setup

For the evaluation of our approach, we run experiments on the publicly available
SJTURadarDataset [117]. Its 3D radar sensor is mounted on the front bumper of
the car, where part of the output points belong to the ground. In our evaluation,
rather than measuring the ground segmentation accuracy, we focus on the relative
errors from the downstream odometry task. In our experiments, we first compare
our approach against the state-of-the-art radar and LiDAR odometry, defining
our reference values as the RTK-GPS measurements provided by the dataset.
We also show qualitative results of the estimated trajectories and the segmented
ground planes within each sequence. Our second experiment performs an ab-
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5. Ground-Aware Radar Odometry

Table 5.2: Our radar odometry approach achieves state-of-the-art pose estimation accuracy in
the SJTURadarDataset [117] dataset. tKITTI in [%], rKITTI in [◦/m], and tAPE in [m].

| Campus 1 | Campus 2 | Campus 3 | Campus 4

tKITTI rKITTI tAPE tKITTI rKITTI tAPE tKITTI rKITTI tAPE tKITTI rKITTI tAPE

LeGO-LOAM [162] 1.96 0.020 2.27 3.19 0.012 2.57 2.68 0.010 3.33 - - -

4DRadarSLAM [204] 16.0 0.103 60.5 39.1 0.115 351.5 36.0 0.096 205.7 42.0 0.127 949.3
SLAM4D [117] 2.32 0.021 2.28 3.13 0.020 3.79 3.06 0.024 3.83 - - -
SLAM4D (Odom.) [117] 2.52 0.025 4.14 3.84 0.019 10.2 3.29 0.027 9.08 - - -
Radar-ICP (Chap. 4) 1.56 0.013 6.50 2.80 0.012 40.0 2.86 0.017 16.9 8.91 0.041 118.3
KISS-ICP (Radar) [172] 1.55 0.014 3.71 2.00 0.010 11.6 2.06 0.013 14.7 6.95 0.039 71.6

Ours 1.52 0.014 1.78 1.92 0.009 7.29 1.91 0.013 1.69 6.86 0.039 13.4

lation study of our system, demonstrating how each component contributes to
the final odometry estimation result and to the runtime. We employ the metrics
introduced in Section 2.5.5, and, contrary to Chapter 4, we include the vertical
motion in the evaluation results. Since we are using the 4DRadarSLAM results
directly from their paper [117], we present the KITTI metric evaluation results,
along with the absolute position errors introduced in Section 2.5.5.

5.3.2 Comparison With the State of the Art
The first experiment evaluates the performance of our method and demonstrates
that it achieves state-of-the-art results in automotive radar odometry compara-
ble to LiDAR approaches. We compare our method against the LiDAR feature
matching odometry method LeGO-LOAM [162] applied to LiDAR scans, the
point-to-point matching technique KISS-ICP [172] on radar point clouds, two
radar SLAM frameworks 4DRadarSLAM by Zhang et al. [204] and SLAM4D
by Li et al. [117] with and without loop closure, and our radar odometry ap-
proach Radar-ICP [26] introduced in Chapter 4. For LeGO-LOAM [162] and
SLAM4D [117], we get the results directly from Li et al. [117]. Since they only
provide the KITTI relative error metrics, we measure the relative errors using
the relative translation, tKITTI, and rotation, rKITTI, KITTI metric as well as the
absolute trajectory error, tAPE, introduced in Section 2.5.5. The experimental
evaluation is shown in Table 5.2 with the best results in bold. We also show
qualitative results of the ground plane segmentation in Figure 5.5.

Our approach outperforms other methods in terms of tAPE for most sequences.
Likewise, our method shows comparable performance to using a 3D LiDAR sensor
in most scenarios. Note, however, that our previous approach from Chapter 4
decreases performance despite its similarities with KISS-ICP [172]. Its main
limitation is the reliance on the vehicle-to-radar calibration parameters, which
are not available in the SJTURadarDataset [117]. We, therefore, attempt to
manually set the parameters for the evaluation, leading to pose inaccuracies.
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Figure 5.5: Our ground segmentation approach successfully identifies the ground points, shown in red, in the SJTURadarDataset [117].
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Figure 5.6: Our approach achieves state-of-the-art results in radar pose estimation with low drift in the vertical axis in the SJTURadarDataset [117].
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Table 5.3: Comparison of the influence of different components of our ground-based ICP con-
tributing to the final accuracy in SJTURadarDataset [117]. tKITTI in [%] and tAPE in [m].

Campus 1 Campus 2 Campus 3

tKITTI [%] tAPE [m] tKITTI [%] tAPE [m] tKITTI [%] tAPE [m]

P2P-ICP 1.55 3.71 2.00 11.6 2.06 14.7
P2P-ICP with z = 0 1.81 1.97 2.27 7.83 3.32 3.11
Ground-ICP 1.52 3.09 2.11 8.70 2.07 8.22
P2P-ICP + Graph 1.52 1.75 1.95 7.62 1.92 3.31
Ground-ICP + Graph 1.52 1.78 1.92 7.29 1.91 1.69

Table 5.4: Comparison of the runtimes of our radar odometry system in different configurations.

P2P-ICP Ground-ICP Ground-ICP + Graph

Scan matching 17.1ms 16.5ms 16.5ms
Ground plane estimation – 1.4ms 1.4ms
Pose graph construction &
optimization

– – 0.7ms

Total 17.1ms 17.9ms 18.6ms

5.3.3 Ablation Studies
The second experiment evaluates how each component of our system contributes
to the final accuracy. We perform the evaluation on the sequences “Campus 1”,
“Campus 2”, and “Campus 3”, as “Campus 4” contains jumps in the reference
trajectory. The results are presented in Table 5.3. The baseline method, point-
to-point ICP (P2P-ICP), is based on KISS-ICP [172] applied to radar data. We
also provide evaluation results when the poses are restricted to the horizontal
plane (P2P-ICP with z = 0). When we add ground plane detection and opti-
mization to ICP, we refer to this as “Ground-ICP”. If we include the ground
plane as a node in the graph for P2P-ICP, this method is labeled as “P2P-ICP +
Graph”. Combining the “Ground-ICP” with the ground plane as an additional
factor graph node is termed “Ground-ICP + Graph”. We observe that removing
the z-component from the poses leads to the worst result, since this does not con-
sider vertical deviations in areas where the ground is not perfectly planar. The
approach that combines “Ground-ICP + Graph” results in the highest average
accuracy, showing how each component contributes to the final accuracy. We
additionally measure the impact on the runtime of each component in Table 5.4,
showing that our ground detection and graph optimization modules lead to min-
imal runtime increases.
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5. Ground-Aware Radar Odometry

5.4 Conclusion
In this chapter, we presented a novel approach to estimate the ego-motion of a
vehicle by leveraging the ground plane using radars. By performing point-to-
ground-plane matching with the ground and integrating the ground information
into a factor graph, we relax the assumption of a flat ground and constrain the
movement of the vehicle in the vertical direction. Our approach consists of mul-
tiple filtering steps that exploit the properties of radar sensors to segment ground
points from the rest of the scan. These filters include spatial, geometric, and RCS-
based techniques that exploit the characteristics of the sensor. After extracting
the ground-plane parameters, we match the detected ground plane over multi-
ple scans in a point-to-plane manner and integrate its information into a global
factor graph, leading to a reduced drift in the z-axis. We implemented and evalu-
ated our approach on a real-world dataset and provided comparisons to existing
techniques that do not exploit ground information, supporting all claims made
in this chapter. The experiments suggest that our ground-aware odometry ap-
proach enhances pose estimation performance, achieving LiDAR-level accuracy
with a single automotive radar sensor.

Our odometry, however, estimates the pose of the vehicle mainly relying on
the most recent radar measurements. This leads to accumulating drift over time,
which can reduce trajectory accuracy and produce inconsistencies in the con-
structed radar map. Instead, we can leverage information collected over the
whole trajectory to recognize previously visited places and detect loop closures,
a technique we explore in the following chapter.
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Chapter 6

Radar Place Recognition

Identifying previously visited places is a fundamental aspect of autonomous
vehicle localization, as it enables the temporal association between mea-
surements collected at different times. This procedure is known as place
recognition, and it can be exploited in two distinctive ways explored later

in Chapter 7 and Chapter 8. First, it enables SLAM to detect loops and per-
form loop closure optimization, reducing trajectory drift. Second, it extends the
mapping capabilities of the SLAM system to operate over long periods of time,
enabling the construction of radar maps across multiple mapping sessions.

During place recognition, every new radar measurement is encoded into a
descriptor representation and stored within a database, as shown in Figure 6.1.
These descriptors can be efficiently compared using a distance metric, such as
the L2 norm, to identify similar radar scans that belong to the same location.
The main challenge is to achieve a compact encoding that reliably captures the
information within radar scans, resulting in descriptors with high similarity for
coinciding locations and high dissimilarity for non-coinciding locations.

As outlined in Section 3.3, existing sensor-based place recognition techniques
beyond GNSS mainly rely on cameras and LiDAR sensors [8, 94]. However, rel-
atively few strategies focus specifically on automotive radars. The high amounts
of noise and clutter in radar scans hinder the extraction of valuable features for
place recognition, and the low number of points per scan makes it hard to iden-
tify objects and structural elements in the environment. This poses a challenge
when adapting heuristic-based LiDAR approaches such as ScanContext [94] and
its variations [48, 85, 93, 179], which rely on handcrafted features that may not
always be present in the scenes. In contrast, neural network-based methods can
learn patterns in the environment, leading to improved place recognition accu-
racy [34, 185]. One notable approach in learning-based radar place recognition
is Autoplace [22], which projects the radar point cloud into a planar image and
employs an image encoder to obtain the descriptor. However, this strategy en-
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Figure 6.1: Procedure to perform place recognition in radar point clouds. The query scan is
encoded by our network and compared to the map database using the L2 distance metric. Place
recognition is performed by identifying the closest matching descriptor from the database.

codes information of the whole image into a single descriptor vector, resulting in a
high-dimensional descriptor with substantial storage requirements. Moreover, the
scan-to-image projection in Autoplace does not account for the elevation provided
by 3D automotive radars.

In our work, we introduce a neural network specifically designed for auto-
motive radar sensors. Our approach addresses radar sparsity by handling the
scan in a pointwise manner and measures the contribution of each point for place
recognition with our proposed point importance estimation module. Moreover,
we introduce a novel radar cross section module that encodes the RCS informa-
tion of the scene. The resulting descriptor is compact, yet informative, achieving
state-of-the-art place recognition results in public radar datasets.

The main contribution of this chapter is a novel neural network architecture
that leverages single radar scans for place recognition. Our model is based on a
point encoder that extracts features from the original point clouds, a network that
encodes the RCS values, a point scoring module that estimates the importance
of a point for place recognition, and a global descriptor extractor for spatial
clustering of the global descriptor vectors. Our method achieves state-of-the-
art results for 2D and 3D automotive radar place recognition using a comparably
smaller scene descriptor. In sum, we make three key claims. Our place recognition
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6. Radar Place Recognition

approach: (i) achieves state-of-the-art performance on automotive radar single-
scan place recognition while keeping a compact scene representation; (ii) provides
a novel procedure to utilize RCS information to describe the scene, improving
accuracy; and (iii) enhances feature extraction by estimating the importance of
points within the scan for place recognition.

6.1 Our Approach to Radar Place Recognition
Our approach aims to achieve single-scan radar place recognition as a way of ex-
tracting meaningful information from sparse and noisy radar point clouds. The
process involves comparing scan descriptors stored in a database with current
scans, as shown in Figure 6.1. Initially, radar sensors capture the environment
during the robot’s first pass at a location. We convert each scan into a place de-
scriptor using our encoder from Figure 6.2, which combines geometric and RCS
point information from the measured point cloud. Then, we store the descriptor
in a map database. During navigation, we query the database with current mea-
surements converted into descriptors using the same encoder-descriptor network
from Figure 6.2. This enables us to identify locations with high similarity based
on our scoring function. Our approach utilizes the Doppler velocity provided by
the radar in order to filter dynamic point outliers. More specifically, we encode
the 3D radar point information with the scan encoder and our point importance
estimation module. The feature vector is then transformed using NetVLAD to a
global descriptor and combined with the output of our RCS network module. The
resulting descriptor can then be stored in the database when visiting an unknown
environment, or queried from the database for place recognition.

6.1.1 Dynamic Point Pre-Filtering

Before encoding a point cloud into a descriptor, it is crucial to filter out dynamic
points, as they can cause the appearance of a location to vary over time. While
this presents a significant challenge in LiDAR sensors, one of the key features
of automotive radars is that they measure the Doppler velocity of the target.
This velocity measurement allows us to differentiate between static and dynamic
points, as emphasized by Zeller et al. [198]. We follow Cai et al. [22], to focus
solely on the static points of the radar scan for place recognition. The main idea
is that static points of the environment should match the ego-vehicle’s velocity.
Points with different velocities are likely to correspond to moving objects, and
are thus considered outliers. We preprocess all the scans following our procedure
from Equation (4.12) on page 55, resulting in filtered point clouds containing only
static points within the scene.
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Figure 6.2: The 3D radar scan point information is encoded, resulting in Fe ∈ RN ′×D. The individual contribution of each downsampled point for place
recognition Fv ∈ RN ′×D is computed with our point importance estimation module. The feature vector is then transformed using NetVLAD to a global
descriptor, and combined with the output of our RCS network module, which takes as input the point RCS values, σ. The resulting descriptor contains
geometric and RCS information from the radar scan. It can be stored in the database during the first pass or queried from the database for place recognition.
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6.1.2 Scan Encoder

The goal of the scan encoder is to obtain a feature representation Fe ∈ RN ′×D of
the filtered static radar point cloud P . In the case of 2D radars, we set the z di-
mension to be zero. The encoding should contain spatial data descriptive enough
for place recognition, which involves capturing contextual information of points
at different scales. Autoplace [22] achieves this by projecting its radar point cloud
into a 2D image and encoding it with a convolutional neural network. As a conse-
quence, most vertical and geometric information is lost. Similar to KPPR [185],
we focus on capturing 3D contextual information of individual points directly
from the radar scan using rigid kernel point convolutions (KPConv) [167]. For
a point pl

i ∈ P l at layer l, the convolution of features Fl−1 ∈ RNl−1×Dl−1 with
kernel gl follows

(Fl−1 ∗ gl)(pl
i) =

∑
pl−1
k ∈N l(pl)

gl(pl−1
k − pl

i) f l−1
k , (6.1)

where N l(pl
i) = {pl−1

k |
∥∥pl−1

k − pl
i

∥∥ < rl} denotes the neighboring points of pl
i

within a radius rl ∈ R such that rl > 0, and f l−1
k represents the kth convolution

feature from layer l − 1.
Our encoder is composed of a sequence of five convolutional and downsampling

layers that capture local features Fl at different levels with different radii. We use
grid downsampling at different scales, and contrary to KPConv [167], we find that
downsampling before computing convolution helps process contextual information
in the points. We also increase the radius of points to consider in N l(pl

i) in every
new convolution-downsampling block for an extended receptive field. Although
we also test adding the RCS as an additional channel to the input point cloud,
we observe little improvement in the place recognition performance. Instead, we
propose an additional network module that accounts for the distribution of RCS
values within the scene.

6.1.3 Radar Cross Section Network

To maximize the potential of radar sensors, we propose an additional component
that utilizes radar cross section information to enhance the final feature descrip-
tor. The RCS measures how detectable an object is by the radar based on the
object’s properties and the measurement angle. It provides additional informa-
tion for each point in P about the properties of a specific location, making it a
valuable attribute for place recognition. However, unlike research in object de-
tection by Palffy et al. [139], our experiments show that adding the RCS as an
additional channel minimally enhances place recognition performance.
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Figure 6.3: Comparison of the RCS distributions at similar locations (left) and different loca-
tions (right). Locations that are close to each other have RCS histograms that are similar to
each other, while different locations often have RCS distributions that differ substantially.

Instead, following Cai et al. [22], we observe how the distribution of RCS
values is similar between coinciding locations and dissimilar if the scans belong
to different places, as shown in Figure 6.3. However, rather than comparing the
scene RCS as an additional postprocessing step as suggested by Cai et al. [22],
we propose an RCS network module that learns the RCS feature representation
of the entire radar scan f RCS ∈ RD and is permutation invariant. This enhances
the global descriptor vector, making it more informative than a descriptor only
containing point information.

To capture the RCS information σ ∈ RN from the scan, we propose to use
a two layer MLP that encodes the RCS value of each point σi into a feature
encoding fσi

∈ RD such that

fσi
= MLPr(σi). (6.2)

We then aggregate and normalize the features from all points over the feature
dimension, making the result permutation invariant following

f RCS =

∑N
i=1 fσi

||
∑N

i=1 fσi
||
. (6.3)

The resulting f RCS acts as a global descriptor containing the distribution of
RCS values for that particular scan. While Autoplace [22] uses an additional stage
that performs histogram re-ranking after their network prediction, we integrate
our RCS network module inside the descriptor encoder network, avoiding the
additional postprocessing step.

6.1.4 Point Importance Estimator
Due to the sparsity and high amount of outliers coming from noise and multi-path
reflections in radar point clouds, it is crucial that the place recognition network is
able to identify valuable anchor points within the scan. Knowing that radar noise
can randomly appear and disappear between single scans, we propose a point
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X

Y
Figure 6.4: Our point importance estimator prioritizes correspondences from persistent ele-
ments. (left) During training, those query points that have a correspondence in the positive
frame within a radius δ, represented as a circle, are considered valuable for place recognition.
Those that do not have a correspondence can be highly inconsistent between scans, thus their
predicted importance should be reduced. Although all points are checked, we only display the
radius on a small subset for clear visualization. (right) Resulting probabilities of our point im-
portance estimation module. Those areas with higher densities and geometric line patterns are
considered more important than random points located far away from the sensor.

importance estimation module to guide the training of the network, focusing on
points that are relevant for place recognition. As a result of finding valuable
measurements, this module also helps focus on those points that we are more
certain that exist, such as high-density locations, patterns in the environment,
and the point distribution within the scans. During training, those query points
that have a correspondence in the positive frame within a radius δ, represented
in Figure 6.4 as a circle, are considered valuable for place recognition. Those that
do not have a correspondence can be highly inconsistent between scans, thus their
predicted importance should be reduced. As can be observed in Figure 6.4, areas
with higher densities and geometric line patterns are considered more important,
and thus, have a higher probability of existence, than random points located far
away from the sensor.

Using the subsampled scan P ′ to estimate the importance of their correspond-
ing encoded local features, we encode the probability of a point p′

j ∈ P ′ being
valuable for place recognition into a feature vector fvj ∈ RD using an MLP with
three learnable layers, ReLU activations, and layer normalization such that

fvj = MLPv(p′
j). (6.4)

The importance probability of a point is within the range [0, 1]. It indicates
how valuable the point is for place recognition. It is estimated as

P (p′
j) = Sigmoid

(
Linear

(
fvj

))
, (6.5)
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where Sigmoid(·) indicates the sigmoid activation function and Linear(·) denotes
the linear projection of the feature vector from RD to R. We use this scoring later
in Equation (6.9) to compute the loss during training between points that only
exist in one of the scans that are being compared. The encoded probabilities fv
from all downsampled points are stacked into the feature vector Fv ∈ RN ′×D, and
added to the output of the point encoder, resulting in Fe+v ∈ RN ′×D, which is
defined as

Fe+v = Fe + Fv. (6.6)

During our ablation studies, we compare addition and multiplication of the
encoded probability features in Equation (6.6), with addition leading to better
results. We believe that the low probability of incorrect predictions may lead
to the loss of information, which can degrade place recognition performance on
automotive radar data.

6.1.5 Global Descriptor Database
The descriptor extraction layer aggregates local features into a single global
descriptor vector. We exploit a NetVLAD layer [171] to aggregate the local
features Fe+v from Equation (6.6) into C learnable cluster centers, resulting
in f VLAD ∈ RD. These learnable centers represent points calculated from groups
of similar local descriptors. As a result, descriptors from coinciding locations
will be clustered together. We combine the NetVLAD descriptor with the RCS
descriptor, leading to the final global descriptor vector d scene ∈ RD following

d scene =
f VLAD + f RCS

∥f VLAD + f RCS∥
. (6.7)

The resulting descriptor represents the location measured by a radar scan.
It contains local information obtained from the point encoder and the point im-
portance estimator, as well as global features extracted using the RCS network
and NetVLAD. During the map recording, every scan is stored as a descrip-
tor d m

scene ∈ RD in a KDTree [15] map databaseM = {d m
scene1 ,d m

scene2 , ...,d m
sceneM}.

The query scan is also encoded as the feature descriptor vector d q
scene, and com-

pared to those stored inM using the L2 distance metric. We use superscript “m”
to indicate that the feature vector belongs to the map database.

6.1.6 Metric Learning for Place Recognition
The goal of metric learning is to obtain the parameters of our descriptor encoder
network that lead to a meaningful and compressed representation of the environ-
ment. For a query descriptor d q

scene, the feature descriptor vector must be similar
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Figure 6.5: GNSS labels training samples as positive or negative based on pose proximity.
Samples that are within a radius r1 are considered positive samples, and those farther away
than a radius r2 are considered negative samples. We leave a margin between r1 and r2 to set
a higher separation between negative and positive scene descriptors in the feature space.

for observations of the same location, named positive samples d pos
scene, and dissimi-

lar for observations of different locations, denoted as negative samples d neg
scene. We

define positive and negative samples during training based on GNSS pose infor-
mation as shown in Figure 6.5. However, during operation, we no longer require
GNSS for the operation of our place recognition network.

We define positive samples as those within a radius distance r1 to the query
measured with the GNSS location. Furthermore, due to occlusions or different
viewing perspectives, the positive samples taken from a close geographic location
may look very different from the queries themselves. Therefore, during training,
the selected positive samples are those within r1 that have the lowest L2 distance
between descriptors. We also observe an increase in performance when training
on multiple positives for the same location, as the network learns that the same
location can be measured in multiple ways and from different viewpoints.

Meanwhile, negative samples are farther away from a bigger radius r2 such
that r2 > r1. However, as the dataset may contain very different scans from
different locations, randomly selecting negative samples may lead to low discrim-
ination and generalization capabilities. As proposed by Uy et al. [171], we use
a hard negative mining strategy to find the most similar negative sample to the
query descriptor d q

scene in the feature space. This helps the network learn to
discriminate scenes where a wrong database match closely resembles the query.

We leverage the triplet margin loss by Balntas et al. [10] that minimizes the L2
distance between the query and a positive sample dpos = L2(d q

scene,d pos
scene), and

maximizes the distance with respect to the h = 1, . . . , H hardest negative descrip-
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tors dnegh = L2(d q
scene,d

neghscene). The triplet margin loss LTM(w) that optimizes the
network parameters w for a margin α is given as

LTM(w) =
H∑

h=1

max(dpos − dnegh + α, 0). (6.8)

Additionally, to account for the estimated value of the points in our point im-
portance estimator from Section 6.1.4, we propose to measure the nearest point
correspondences between the query and its associated positive scan. First, we
align both scans by transforming them to GNSS global coordinates. Then, as
shown in Figure 6.4, we introduce a radius distance hyperparameter δ that de-
termines whether a given point in the query scan has a correspondence in the
positive scan. We consider valuable points for place recognition only those that
demonstrate consistency, thus existing in both scans. Note that the GNSS signal
is only required for computing the loss during the training procedure, but is not
required during operation.

Interpreting this as a binary classification problem, we assign those points in
the query scan that have a correspondence in the positive scan a label P̂ (p′

j) = 1,
and P̂ (p′

j) = 0 to those points without a correspondence. Denoting Pj = P (p′
j)

for brevity, the final binary cross-entropy loss is defined as

LBCE(w) = −
N ′∑
j=1

Pj log(P̂j) + (1− Pj) log(1− P̂j). (6.9)

The final loss L(w) is a combination between the triplet margin loss defined
in Equation (6.8) and the point importance loss in Equation (6.9) weighted by a
tunable parameter µ following

L(w) = LTM(w) + µLBCE(w). (6.10)

The loss minimization problem that finds the optimal network parameters w∗

for the training dataset is given as

w∗ = argmin
w

L(w). (6.11)

The cost function is minimized iteratively with stochastic gradient descent,
where the gradients of the loss with respect to the descriptor encoder network
parameters ∇wL are computed using backpropagation. These gradients then
update the parameters in the direction that reduces the loss, such that

w′ ← w− η∇wL, (6.12)

where η refers to the learning rate, which measures the optimization step size.
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6.2 Implementation Details
We train the model for 80 epochs using a batch size of 4. Following KPPR [185],
we set the descriptor size D = 256, a learning rate η = 5 × 10−6 and a learning
rate decay of 0.95 every 20 steps. We define the triplet loss margin parameter
as α = 0.1. We set the KPConv radius at each layer to r = [3, 6, 12, 24, 48]m and
a grid downsampling of sizes 0.25, 0.5, 1, 2, 4m. The kernel size is set to 5 points
for nuScenes and 7 points for the SJTURadarDataset. The number of NetVLAD
cluster centers C is set to 64.

NuScenes provides insight into how our approach behaves over long periods
of time on 2D automotive radars. We follow a similar procedure to Cai et al. [22],
training on scans from “Boston sea-port” obtained in the first 105 days and
validating on the measurements performed after that time. We split our training
and test sets with a 4 : 1 ratio and consider a prediction correct if it is located
within r1= 9m of the actual location. During training, negative samples are
taken from outside a r2 = 18m radius. Moreover, we train on 5 positive samples
for each location for improved place recognition performance.

The SJTURadarDataset [117] evaluates the loop closure detection capabilities
of our method using automotive 3D radars, as the recordings were taken within a
short time span with minimal variations in the environment. We use “Campus 1”
and “Campus 4” for training, and evaluate on “Campus 2” and “Campus 3”.
Additionally, we consider a prediction correct if it is within r1 = 2m. During
training, negative samples are taken from outside a r2 = 4m radius.

6.3 Experimental Evaluation
This chapter aims to achieve single-scan place recognition using automotive radars
with the goal of identifying revisited locations. We present our experiments to
show the capabilities of our system. The results of our evaluation support our key
claims that our approach: (i) achieves state-of-the-art performance on automotive
radar single-scan place recognition while keeping a compact scene representation;
(ii) provides a novel procedure to utilize RCS information to describe the scene,
improving accuracy; and (iii) enhances feature extraction by estimating the im-
portance of points within the scan for place recognition.

6.3.1 Experimental Setup
Our approach is able to reliably retrieve a corresponding scene descriptor in a
given map based on a single radar scan. During the evaluation of our method,
we run experiments on real-world driving scenarios, using 2D and 3D automotive
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Table 6.1: We outperform previous work in nuScenes [21] with a smaller descriptor. The
abbreviation “TE*” indicates the multi-scan temporal encoding used by Autoplace [22].

R@1% [%] R@1/5/10 [%] Output dim.

ScanContext RCS [92] 6.38 3.58 / 4.84 / 5.22 1200
FFT-RadVLAD RCS [57] 11.2 0.19 / 0.58 / 1.64 32768
FFT-RadVLAD [57] 16.3 0.29 / 1.74 / 3.29 32768
RadVLAD RCS [57] 17.2 0.97 / 3.19 / 4.84 32768
ScanContext [179] 24.7 15.3 / 20.8 / 22.2 1200
RadVLAD [57] 33.5 1.74 / 6.09 / 10.5 32768
KPPR [185] 88.0 66.1 / 78.1 / 81.6 256
Autoplace [22] 83.0 60.8 / 72.8 / 76.5 9216
Autoplace+TE* [22] 86.4 73.4 / 81.2 / 83.0 4096

Ours 88.2 76.2 / 82.3 / 83.9 256

Table 6.2: We outperform previous work in SJTURadarDataset [117] with a smaller descriptor.

R@1% [%] R@1/5/10 [%] Output dim.

ScanContext RCS [92] 94.7 94.0 / 94.7 / 94.7 1200
FFT-RadVLAD [57] 50.4 20.0 / 26.5 / 30.8 32768
FFT-RadVLAD RCS [57] 57.3 21.5 / 28.8 / 34.2 32768
RadVLAD RCS [57] 99.3 94.6 / 97.4 / 98.2 32768
ScanContext [179] 87.7 79.7 / 86.6 / 87.4 1200
RadVLAD [57] 99.3 91.9 / 96.3 / 97.3 32768
KPPR [185] 99.4 95.4 / 99.2 / 99.2 256
Autoplace [22] 99.9 94.4 / 99.4 / 99.8 9216
Autoplace+TE* [22] 99.5 97.7 / 99.0 / 99.1 4096

Ours 100.0 97.1 / 99.6 / 99.8 256

radar datasets, nuScenes [21], and the SJTURadarDataset [117], respectively.
We first evaluate our work on single-scan radar place recognition and compare
it to state-of-the-art solutions. We provide quantitative and qualitative results
for the comparison. Then, we carry out an ablation study of our system to
analyze the contribution of each module to the final result, as well as how the
new hyperparameters have an effect on place recognition.
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Figure 6.6: Our approach achieves higher single scan radar place recognition recall when com-
paring it with our baseline Autoplace [22] on the nuScenes [21] autonomous driving dataset.

Figure 6.7: Example of single scan place recognition of various state-of-the-art approaches.
Other methods fail to correctly classify certain locations due to the high radar noise and sparsity.

6.3.2 Comparison With the State of the Art

The first experiment evaluates the accuracy and the resulting descriptor size of
our single-scan radar place recognition system in comparison to other methods in
2D and 3D radar datasets. Similar to other works, we denote recall as “R” and
measure the R@1/5/10 and R@1% metrics, which represent if the selected query
by the system ranks among the top 1, 5, 10, or 1% candidates in the database.
We also display the output descriptor dimensionality, describing the size of the
descriptor being stored in the database. A higher-dimensional descriptor requires
higher storage space, while smaller descriptors can be stored more efficiently.
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We show a quantitative comparison of our method with state-of-the-art tech-
niques in Table 6.1 and Table 6.2, and qualitative visualizations in Figure 6.6
and Figure 6.7. We evaluate it against the feature-based LiDAR methods of
ScanContext [179] and RCS ScanContext [92], a neural network-based LiDAR
approach KPPR [185], a spinning radar frequency method FFT-RadVLAD [57],
and a clustering-based approach RadVLAD [57] with and without RCS values,
and a learning-based automotive radar solution Autoplace [22]. We place spe-
cial focus on Autoplace [22] as the only automotive radar baseline available at
the time of publication. The original implementation is done with 7 aggregated
radar point clouds, and their LSTM-based temporal encoding considers 3 con-
secutive aggregated scans. In addition to the results in their paper, we compare
their results in nuScenes for one sweep with and without temporal encoding. The
best results are displayed in bold.

Our method achieves state-of-the-art place recognition recall for both datasets,
achieving comparable performance to multi-scan approaches while using a more
compact scene descriptor. In nuScenes, the low number of points per radar scan
makes it difficult for non-learning-based methods to extract useful patterns from
the environment, such as ScanContext [94] and RadVLAD [57]. The discrete
nature of projected point clouds also poses a challenge for spinning radar ap-
proaches like FFT-RadVLAD. For the SJTURadarDataset, our method applied
to a single scan obtains a similar R@1 to Autoplace using multi-scan temporal
encoding and 3 scans. This experiment demonstrates how our compact descriptor
remains highly informative for place recognition.

6.3.3 Ablation Studies
The second set of experiments supports our claim that integrating RCS into
the network and estimating the importance of each point enhances place recog-
nition performance. We carry out the experiments on nuScenes [21] test set
from Section 6.3.2. In Table 6.3, we evaluate how each component contributes to
the final result and how it affects inference runtime. The main modules are the
scan encoder, which accepts as inputs point coordinates (x, y, z) or point coordi-
nates with an additional RCS channel (x, y, z,RCS), the proposed RCS network,
and the point importance estimation module. We also experiment with multi-
plication ⊗, and addition ⊕ of the point importance features in Equation (6.6).
Furthermore, we also test our training strategy, where five positive samples are
used for each query, and show how scan aggregation affects the runtime.

The results illustrate how each component contributes to the final result, with
the biggest effect being caused by the RCS network module. We also observe
how addition is preferred over multiplication in the point importance estimation
module, as it enhances the useful points for place recognition without affecting

92



6. Radar Place Recognition

Table 6.3: Each component of our network contributes to the final performance. Configurations
include: scan encoder (Encoder) with coordinate inputs (x, y, z), with RCS as an additional
channel (x, y, z,RCS), our RCS network (RCSN), our point importance estimator (PIE), train-
ing with five positive samples per query (5 Pos.), and aggregation of seven scans (Aggr.).

Encoder RCSN PIE 5 Pos. Aggr. R@1/5 [%] Runtime [ms]

(x, y, z) ✓ ⊕ ✓ ✓ 77.8 / 81.9 269

(x, y, z) 62.7 / 76.8 150
(x, y, z,RCS) 63.2 / 78.0 172
(x, y, z) ✓ 70.7 / 80.8 159
(x, y, z) ⊕ 63.1 / 76.5 159
(x, y, z) ✓ ⊗ 70.9 / 81.0 168
(x, y, z) ✓ ⊕ 73.3 / 82.2 167
(x, y, z,RCS) ✓ ⊕ ✓ 73.9 / 80.1 167
(x, y, z) ✓ ⊕ ✓ 74.3 / 81.6 167

Table 6.4: Ablation studies for the δ and µ hyperparameters in our point importance estimator.

Radius δ [m] R@1/5/10 [%] Loss weight µ R@1/5/10 [%]

1.0 71.4 / 81.1 / 83.6 0.00 71.0 / 80.0 / 82.6
2.0 71.5 / 80.2 / 82.2 0.10 71.6 / 80.6 / 83.1
3.0 71.7 / 80.6 / 83.0 0.50 73.3 / 82.2 / 84.6
4.0 70.8 / 80.7 / 82.5 1.00 71.4 / 81.1 / 83.6

the remaining point cloud. Moreover, the runtime is minimally affected by the
RCS network and point importance estimation modules (< 20ms) but greatly
increases with scan aggregation. Adding the RCS as an additional channel leads
to a slight improvement in performance compared to the RCS network module.
This highlights the importance of using the RCS information of the entire scan,
rather than adding it as an additional feature to each point.

Additionally, in Table 6.4, we test the influence of the distance parameter δ
and loss function weight µ introduced by our point importance estimation mod-
ule. High radii δ cause wrong correspondences, while low radii lead to not finding
any correspondence, resulting in an equal weighting of all points. This demon-
strates how the R@1 performance can be improved by focusing on those points
that are important for place recognition and focusing less on the noise points.
Additionally, varying µ shows the influence caused by the point importance es-
timation module, and how the multi-objective loss from Equation (6.10) affects
the final result.
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6.4 Conclusion
The aim of this chapter was to develop a mechanism that can be leveraged to
identify previously visited locations by exploiting the characteristics of automo-
tive radar data. To accomplish this, we encode the radar measurements into scene
descriptors that can be compared within a map database. Our novel point-based
neural network architecture encodes local and global information of the scene into
a single compressed descriptor. We achieve this by encoding the local informa-
tion using point convolutions and combining it with the RCS data of the points
within a scene. Additionally, we propose a point importance estimation module
that helps the network learn radar targets that are useful for place recognition.
This is particularly useful due to the high noise and sparsity in automotive radar
point clouds. We implemented and evaluated our approach on different datasets
and provided comparisons to other existing techniques, supporting all claims
made in this chapter. The experiments suggest that our method achieves high
performance for estimating the global location of a car within a map using single
automotive radar scans, while keeping a compact scene representation.

Having a reliable and efficient way to perform place recognition is crucial
within our localization and mapping system for two main reasons. First, as
detailed in the next Chapter 7, it can be leveraged to perform loop detection
while navigating unknown environments, resulting in reduced trajectory drift.
Second, as it will be introduced in Chapter 8, place recognition can be exploited
to identify coinciding locations across different maps recorded at different points
in time, enabling multi-session mapping.
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Chapter 7

Radar-Inertial SLAM
for Autonomous Vehicles

Simultaneous localization and mapping play a crucial role in the opera-
tion of autonomous vehicles within unknown environments. Estimating
the pose of an autonomous car with respect to its surroundings is nec-
essary for path planning, and collecting surrounding information helps

to localize and make more informed decisions when a place is being revisited.
In Chapters 4 and 5, we explored the capabilities of radar-only odometry lever-
aging scan matching. However, relative motion estimation between consecutive
radar scans results in the accumulation of errors over time. A way to minimize
this drift is to perform loop closure, which requires recognizing previously visited
locations within a trajectory. In this chapter, we integrate our radar odometry
presented in Chapter 4 with our place recognition system from Chapter 6 into
a full SLAM system with loop closure for large-scale mapping, see Figure 7.1.
Furthermore, we introduce an additional source of information from an inertial
measurement unit (IMU) to our system, further enhancing our pose estimation.
These sensors are present in most modern vehicles today and help smooth the
noisy trajectories estimated during scan matching of automotive radar scans.

Most existing full-SLAM systems presented in Section 3.1 leverage LiDAR
sensors [100] or spinning radars [70] to estimate the vehicle trajectory and map.
However, integrating LiDARs and spinning radars into consumer vehicles is chal-
lenging due to their increased size and manufacturing cost. Automotive radars,
however, are compact and affordable. Some automotive radar SLAM approaches
propose to optimize a pose graph with loop closures [72, 117, 204] and/or to
combine radar sensors with IMU information [178, 204] to estimate the pose of
the vehicle over time. However, these techniques rely on a single global factor
graph that contains all the measurement information and utilize adapted LiDAR
techniques for loop closure that can result in incorrect loop detections.
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Figure 7.1: Qualitative results of our radar-inertial SLAM system on the SNAIL-Radar
dataset [78]. (left) Radar point cloud map (purple) projected into a satellite view of the loca-
tion of the dataset. (right) Different sections of the created map are shown with corresponding
colored boxes in the left image, with a visualization of the estimated trajectory (blue).

In our work, we propose a novel SLAM pipeline specific to automotive radars.
We take inspiration from the global mapping approaches by Koide et al. [99, 100]
and Grisetti et al. [64] that maintain multiple pose graphs, and leverage hier-
archical pose graph optimization to achieve trajectory estimates that are locally
and globally consistent in large-scale datasets. Additionally, we propose a way
to utilize the radar velocities to enhance trajectory accuracy to initialize scan
matching. We also introduce a loop closure verification score that leverages the
characteristics of sparse and noisy automotive radar scans.

The main contribution of this chapter is a novel radar-inertial SLAM system
for autonomous vehicles that fully leverages the characteristics of automotive
radars for odometry estimation and loop closure. We formulate the problem in
a modular manner, with three distinct components: a local pose graph, a global
pose graph, and a loop closure detector. The local pose graph integrates local
information from the IMU and radar scan registration, leveraging the Doppler
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Figure 7.2: Structure of our radar-inertial SLAM system. It consists of three main modules.
The odometry estimation module optimizes a local graph for radar-inertial odometry and scan
filtering. The mapping module optimizes a global graph with odometry and loop closures. The
loop detection module recognizes revisited places and adds them to the global graph.

velocities for scan matching. This serves as an initial pose estimate for the global
pose graph. We perform global pose graph optimization, including the loop clo-
sures from our loop detector. Our system achieves state-of-the-art performance
in radar-inertial SLAM using real-world autonomous driving data. In sum, we
make three key claims. Our approach: (i) achieves state-of-the-art results in
radar-inertial SLAM for autonomous driving on publicly available data; (ii) in-
troduces a two-layered system structure for radar-inertial SLAM, comprising a
local graph and a global graph leading to enhanced accuracy; and (iii) exploits
the velocity and radar cross section to improve SLAM accuracy.

7.1 Our Approach to Radar-Inertial SLAM
Our approach estimates the pose of an autonomous vehicle over time and simulta-
neously constructs a map of the environment. Our system architecture is shown
in Figure 7.2 and comprises three core modules. The odometry estimation mod-
ule optimizes a local graph for radar-inertial odometry point cloud filtering. The
mapping module optimizes a global graph containing odometry information and
loop closures. The loop detection module recognizes revisited places and adds
them to the global graph. Furthermore, having a double-graph structure as illus-
trated in Figure 7.3 enables our system to incorporate short-term and large-scale
information effectively. In the odometry estimation frontend, the local factor
graph collects the most recent information from the IMU and radar scan match-
ing and marginalizes nodes outside of a fixed window to maintain computational
efficiency. In the backend, the global factor graph collects the optimized data
from the local pose graph, verifies loop detections, and integrates loop closure
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...

...
| | | | | | | | | | | | | | | | | |

...

Figure 7.3: Our system integrates local and global information in a double-graph architecture.
The scan matching and IMU information are collected within the optimization window. The
global graph incorporates this data and optimizes the loops within the estimated poses.

information, improving large-scale consistency. This reduces odometry drift and
performs global optimization by considering all available data.

We employ incremental smoothing and mapping by Kaess et al. [87] to op-
timize the local and global graphs that compute the vehicle’s pose. The op-
timization problem for a single graph can be expressed following the formula-
tion from Section 2.5.4.1 and Equation (2.94) on page 37. In the following, we
represent states and observations from the local and global graphs using left-
subscripts l(·) and g(·), respectively.

7.1.1 Local Factor Graph

The goal of the local factor graph is to estimate the pose of the vehicle by combin-
ing scan matching information with pre-integrated accelerometer and gyroscope
measurements. We exploit the robustness of the scan matcher while leveraging
the short-term accuracy provided by high-frequency IMU sensors employing two
separate factors. The local factor graph is a way of extending the odometry intro-
duced in Chapter 4 by adding an additional IMU sensor to the pipeline, aiming
to improve trajectory accuracy. However, it still contains inherent drift, which is
corrected with our loop closure procedure in the global graph.
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7.1.1.1 Scan Matching

In our system, the primary source of odometry is derived from estimating the rel-
ative transform between radar scans using scan-to-map registration with Doppler
velocities. However, an incorrect alignment of a single radar scan can lead to
an incorrect absolute trajectory estimate. We mitigate this by utilizing the
radar Doppler velocity information to initialize our ICP scan alignment pro-
cedure, extending our Radar-ICP approach presented in Chapter 4. Follow-
ing Kellner et al. [89], given the azimuth angle of each measurement θi and
its Doppler velocity vi, we first estimate the planar velocity of the radar sen-
sor SvS = [vs,x, vs,y, 0]

⊤ as a least-squares problem followingvr,1
...

vr,N

 =

 cos(θ1) sin(θ1)
... ...

cos(θN) sin(θN)

[
vs,x
vs,y

]
. (7.1)

Assuming a vehicle with no vertical and lateral movement, the linear CvC ∈ R3

and angular CωC ∈ R3 velocities can be computed following

CvC = RC
S

SvS − CωC × CtCS , (7.2)

where RC
S ∈ SO(3) and CtCS ∈ R3 are the calibration parameters from the car to

the radar sensor expressed in the car frame. Given the time difference ∆t between
the current and previous scan, we can estimate the Lie algebra ξ̂ ∈ se(3) of the
current pose given

ξ̂ =

[
Cρ̂C

Cϕ̂C

]
= ∆t

[
C v̂C

Cω̂C

]
. (7.3)

We can map ξ̂ to the homogeneous matrix Tinit ∈ SE(3) following

Tinit = Exp(ξ̂). (7.4)

We leverage Tinit ∈ SE(3) as the initial estimate for ICP and perform scan-to-
map matching, which helps to handle incorrect correspondences between radar
scans. The scan-to-map factor associated to node lxi ∈ R6 contains its corre-
sponding odometry measurement loodomi

associated to the ICP transformation
estimate Ti ∈ SE(3) according to

lfodom(lxi; loodomi
) = lfodom(lxi;Ti). (7.5)

7.1.1.2 IMU Preintegration

While we consider scan matching as our main source of information within the
global graph, the accelerometer and gyroscope readings from the IMU help to
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smooth the trajectory and provide high-frequency pose estimation in environ-
ments with few geometric features. We follow the procedure by Foster et al. [53]
to pre-integrate the IMU measurements and combine them with the odometry
measurements in the factor graph.

The raw measurements from the sensor defined in the IMU frame {M} are
given as

M ω̃t =
Mωt +

Mbg
t +

Mηg
t , (7.6)

M ãt = (RI
t )

⊤(Mat − Mg) + Mba
t +

Mηa
t , (7.7)

which consist of the gyroscope and accelerometer measurement Mωt,
Mat ∈ R3

an added white noise Mηg
t ,

Mηa
t ∈ R3, an added bias Mbg

t ,
Mba

t ∈ R3, the gravity
vector Mg ∈ R3, and the rotation RI

t ∈ SO(3) of the IMU at time t with respect
to the inertial frame.

Using the IMU measurements, we estimate the rotation RI
t+∆t ∈ SO(3), veloc-

ity Mvt+∆t ∈ R3, and position Mpt+∆t ∈ R3 after a time increment ∆t following
the integration of IMU measurements over time with

RI
t+∆t = RI

t Exp
(
(M ω̃t − Mbg

t − Mηg
t )∆t

)
, (7.8)

Mvt+∆t =
Mvt +

Mg∆t+ RI
t (

M ãt − Mba
t − Mηa

t )∆t, (7.9)
Mpt+∆t =

Mpt +
Mvt∆t+

(
Mg + RI

t (
M ãt − Mba

t − Mηa
t )
) 1
2
∆t2. (7.10)

The estimate of the relative motion of the sensor C∆R i,j, C∆vi,j, and C∆pi,j

measured by the IMU between two radar scans at times i and j is given by

C∆R i,j = RC
M

j−1∏
k=i

Exp
(
(M ω̃k − Mbg

k +
Mηg

k)∆t
)
, (7.11)

C∆vi,j = RC
M

j−1∑
k=i

M∆R i,k

(
M ãk − Mba

k − Mηa
k

)
∆t, (7.12)

C∆pi,j = RC
M

j−1∑
k=i

[
M∆vi,k ∆t+ M∆R i,k(

M ãk − Mba
k − Mηa

k)
1

2
∆t2

]
, (7.13)

where RC
M represents the extrinsic calibration from the car to the IMU frame.

The relative motion information estimated from the IMU is added to the lo-
cal factor graph as an additional constraint for the optimization, in a similar
manner to LIO-SAM [161]. Our approach, however, is adapted to incorporate
radar data that is optimized together with the IMU factors. Following the for-
mulation in Equation (2.94), this results in the factors with the corresponding
state nodes lxi−1, lxi ∈ R6 and associated observations of the rotation loRi−1,i

,
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velocity lovi−1,i
, and position lopi−1,i

defined as

lfIMU(lxi−1, lxi; loRi−1,i
) = lfIMU(lxi−1, lxi;

C∆R i−1,i), (7.14)

lfIMU(lxi−1, lxi; lovi−1,i
) = lfIMU(lxi−1, lxi;

C∆vi−1,i), (7.15)

lfIMU(lxi−1, lxi; lopi−1,i
) = lfIMU(lxi−1, lxi;

C∆pi−1,i). (7.16)

We optimize the local graph with scan matching factors from Equation (7.5),
and the IMU factors from Equations (7.14–7.16) in a sliding window manner. All
factors outside the marginalization window are excluded from the optimization,
keeping a bounded size of the optimizable graph.

7.1.2 Global Factor Graph
The global factor graph corrects the drift accumulated in the local factor graph
by performing loop closure optimization. Two key processes are performed in the
global graph, as illustrated in Figure 7.3. First, we transfer the information from
the local to the global factor graph. This results in a global factor graph with
implicit factors that contain information about the IMU and scan registration.
We then include loop closure factors into the graph to correct odometry drift.

7.1.2.1 Transfer From Local to Global Graph

The data transfer from the local to the global graph is performed on the latest
node of the windowed optimization. We create an implicit factor between the
nodes gxi−1, gxi ∈ R6 containing the relative pose between the current and the
previous scan, coming from both, scan-to-map matching and IMU, following

gf(gxi−1, gxi; goi) = gf(gxi−1, gxi;Ti−1
i ), (7.17)

where Ti−1
i ∈ SE(3) represents the transformation between the last two optimized

poses within the local graph.

7.1.2.2 Loop Closure

Including the implicit factors in the global graph does not solve the problem of
a drifting trajectory. We introduce loop closure detection and optimization to
correct the accumulated errors with three main criteria. First, our radar place
recognition module from Chapter 6 finds a matching location and returns a simi-
larity score. Then, an odometry distance measurement estimates the feasibility of
the loop closure in space. Finally, we propose an intuitive point correspondence
metric that replaces the standard ICP distance score used by Shan et al. [161] to
measure matching quality.
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The place recognition module identifies locations that have been visited in
the past. While other works use ScanContext [178, 179], in Chapter 6 we demon-
strated how learning-based approaches show superior place recognition perfor-
mance with minimal storage requirements. Moreover, as mentioned previously,
our radar descriptor encoder network captures point-neighbor information from
the radar scan and an overall RCS distribution of the point cloud in a vec-
tor d ∈ R256 that contributes to a high place recognition recall. We match
two radar scans if

∥dquery − dmatch∥ < δPR, (7.18)

where δPR is a predefined threshold and dquery,dmatch ∈ R256 are the encoded
radar descriptors of the query and matching scans.

The odometry distance metric is inspired by TBV-SLAM [1] and verifies that
the position of the query frame and matching frame tquery, tmatch ∈ R3 are within
a reasonable spatial threshold δodom proportional to the accumulated length of
the current trajectory dlength. It is defined as

∥tquery − tmatch∥
dlength

< δodom. (7.19)

After a loop candidate has been detected based on similarity and odometry
distance, we use ICP to estimate the transformation Tq

m ∈ SE(3) between the
match and the query frames, as introduced earlier in Section 2.5.2.1. However,
we observe that the distance score used in LiDAR approaches is not a reliable
matching quality measure in automotive radars. While in LiDAR, a low average
distance between point correspondences indicates a good scan alignment, this is
not always the case in sparse and noisy radar point clouds. Good alignments
may still return high average distance values due to outliers, bad alignments may
still return reasonable average distance values, and if two radar scans are taken
at different times, the amount of noise and reflection outliers may vary.

To address these limitations, we propose a new scoring method for loop-
matching quality. Instead of using the mean distance of corresponding points,
we measure that the number of points after ICP registration that have a cor-
respondence within a radius r is greater than a threshold δd. This gives an
intuitive and reliable estimate of the matching quality. The comparison of the
score with δd ∈ [0, 1] is given as[ 1

|C|
∑

(q,m)∈C

I{∥q−m∥ < r}
]
> δd, (7.20)

where (q,m) ∈ C is the set of correspondences between query q and matching
scan m, and I{c} is the indicator function, which returns 1 if condition c is true,
and 0 otherwise. If there are no close correspondences, i.e., |C| = 0, no loop
closure takes place.
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Once the three criteria have been verified and the transformation between
query and match Tq

m has been computed, we express the final loop factor between
nodes gxq, gxm ∈ R6 with the observation go loopi

following

gf(gxq, gxm; go loopi
) = gf(gxq, gxm;Tq

m). (7.21)

The global graph contains the implicit factors from Equation (7.17) and the
loop factors from Equation (7.21). To keep the real-time capabilities of the odom-
etry frontend, we optimize the global graph independently in the backend, fol-
lowing the procedure from Equation (2.94).

7.2 Implementation Details
We implement our approach using ROS2 for communication between modules
and a GTSAM [39] factor graph optimization framework. We leverage a fixed-lag
smoother for the local graph frontend and employ the IMU preintegration factor
from Foster et al. [53]. For the global optimization, we create a keyframe with
every scan when the vehicle is not static, and perform place recognition for each
keyframe. We run global optimization every 10 seconds in a separate thread.

7.3 Experimental Evaluation
The main focus of this chapter is to develop a full radar-inertial SLAM system for
autonomous vehicles that exploits the information provided by radar sensors for
large-scale pose estimation and mapping. We present our experiments to show
the capabilities of our method. The results explicitly support our key claims
that our approach: (i) achieves state-of-the-art results in radar-inertial SLAM
for autonomous driving on publicly available data; (ii) introduces a two-layered
system structure for radar-inertial SLAM, comprising a local graph and a global
graph leading to enhanced accuracy; and (iii) exploits the velocity and radar cross
section to improve SLAM accuracy.

7.3.1 Experimental Setup
We evaluate our system on the SNAIL-Radar [78] and HeRCULES [97] datasets,
since other datasets only have sequences with no loop closures [21, 139], or do
not have any IMU sensors, such as the SJTURadarDataset employed earlier [117].
Within the SNAIL-Radar dataset, we select sequences 20240113/3, 20240113/1,
20240115/2, 20240123/2, and 20240123/3, which cover the entire area of the
dataset. From the HeRCULES [97] dataset, we select five diverse sequences con-
taining loop closures, “Mountain Day 1”, “Library Day 1”, “Sports Complex
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Ground Truth

Radar-ICP

RIV-SLAM

KISS-ICP (radar)

4DRadarSLAM

Ours

Figure 7.4: Our approach achieves state-of-the-art results on the SNAIL-Radar [78] dataset,
showing reduced drift and smaller absolute errors than others in large-scale trajectories.

Day 1”, “Parking Lot 3 Night”, and “Street Day 1”. We use the data from the
ARS548 radar for the evaluation of all methods except in the comparison with
4DRadarSLAM [204], whose parameters have been optimized by the authors for
the Oculii Eagle. The main difference between these two sensors is that, while
the ARS548 has been designed to be integrated in consumer vehicles, the Oculii
is bulkier and performs point cloud post-processing to enhance the density of the
radar scans. For our loop closure module, we train the radar descriptor encoder
from Chapter 6 on the SJTURadarDataset [117] using the ZF FRGen21 radar, a
different radar sensor than the SNAIL-Radar dataset, indicating the generalizabil-
ity of our system. We evaluate the trajectories on the plane, discarding all vertical
movement. The metrics used for evaluation consist of the tRPE, rRPE and tAPE

metrics presented in Section 2.5.5, measuring short-term accuracy as well as global
consistency. The best results on automotive radars are shown in bold.

7.3.2 Comparison With the State of the Art

The first experiment evaluates the performance of our method and demonstrates
that it achieves state-of-the-art results in publicly available data. We compare
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Ground Truth

Radar-ICP

RIV-SLAM

KISS-ICP (radar)

Ours

Figure 7.5: Our approach achieves state-of-the-art accuracy on the HeRCULES [97] dataset,
showing reduced drift and smaller absolute errors than others in shorter trajectories.

our method against other approaches in the SNAIL-Radar dataset [78], and then
compare the best-performing methods in the HeRCULES dataset [97]. Qualita-
tive results are shown in Figures 7.4, 7.5, and 7.6, and quantitative results are
shown in Tables 7.1 and 7.2.

The baseline methods employed in the comparison are RIV-SLAM [178],
which leverages a single graph integrating all sensor data; Graph-RIO [63], which
uses a factor graph but does not include scan registration and loop closure;
4DRadarSLAM [204], which relies solely on the Oculii radar data without IMU
information; our Radar ICP approach introduced in Chapter 4; KISS-ICP [172]
applied directly on radar and LiDAR point clouds; and LIO-SAM [161], a LiDAR-
inertial odometry system used in this work to benchmark sensor performance.

As it can be observed in Figure 7.4 and Figure 7.5, LiDAR approaches like
KISS-ICP applied to radar data have an increased drift, sometimes failing in sce-
narios with few geometric features, like in the long road from sequence 2024123/2.
Odometry-only Radar-ICP has less drift but lacks loop closure to correct it, visi-
ble in sequences like “Mountain Day 1”. RIV-SLAM achieves high overall relative
and absolute accuracy but accumulates drift over longer sequences, as it relies on
intensity ScanContext [179] and the regular ICP distance score for loop closure.
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Table 7.1: Our method achieves state-of-the-art results on radar odometry and SLAM on the SNAIL-Radar dataset [78]. tRPE tAPE, in [m] and rRPE in [◦].

20240113/3 20240113/1 20240115/2 20240123/2 20240123/3 Mean

tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE

LIO-SAM (LiDAR) [161] 0.014 0.066 52.6 0.015 0.131 0.3 0.019 0.084 48.5 5.983 0.786 57.6 0.013 0.080 5.9 1.209 0.229 33.0

KISS-ICP (Radar) [172] 0.240 0.155 68.4 0.118 0.179 4.4 0.232 0.134 147.1 0.269 0.117 167.8 0.222 0.155 45.9 0.216 0.148 86.7
4DRadarSLAM [204] 0.737 1.170 53.2 0.460 1.074 8.9 0.663 1.179 491.2 0.864 0.901 454.5 0.503 0.983 142.1 0.645 1.061 230.0
Graph-RIO [63] - - - 0.169 0.172 9.5 0.195 0.172 763.4 - - - 0.266 0.168 497.0 0.210 0.170 423.3
Radar-ICP (Chap. 4) 0.238 0.156 18.2 0.120 0.174 3.9 0.229 0.131 31.6 0.252 0.112 37.5 0.221 0.151 7.9 0.212 0.145 19.8
RIV-SLAM [178] 0.213 0.142 30.2 0.113 0.171 4.1 0.219 0.128 33.1 0.224 0.101 35.5 0.201 0.140 6.1 0.194 0.137 21.8

Ours 0.242 0.147 4.7 0.115 0.164 3.4 0.220 0.117 7.9 0.256 0.104 8.4 0.219 0.139 3.5 0.210 0.134 5.6

Table 7.2: Our method achieves state-of-the-art results on radar odometry and SLAM on the HeRCULES dataset [97]. tRPE, tAPE, in [m] and rRPE in [◦].

Mountain Day 1 Library Day 1 Sports Complex Day 1 Parking Lot 3 Night Street Day 1 Mean

tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE tRPE rRPE tAPE

KISS-ICP (LiDAR) [172] 0.064 0.068 21.9 0.057 0.065 8.4 0.057 0.084 8.3 0.077 0.146 2.1 - - - 0.064 0.091 10.2

KISS-ICP (Radar) [172] 0.057 0.067 113.3 0.046 0.061 8.7 0.046 0.069 8.2 0.065 0.101 2.5 0.033 0.044 5.5 0.049 0.069 27.7
Radar-ICP (Chap. 4) 0.055 0.067 118.6 0.049 0.064 10.2 0.049 0.071 7.1 0.058 0.089 3.4 0.022 0.028 11.7 0.029 0.064 30.2
RIV-SLAM [178] 0.077 0.084 206.9 0.014 0.064 4.2 - - - 0.020 0.075 2.4 0.010 0.042 10.7 0.030 0.066 56.0

Ours 0.019 0.024 11.2 0.019 0.021 2.1 0.020 0.023 3.9 0.022 0.033 2.2 0.008 0.005 11.5 0.018 0.021 6.2

106



7.
R

adar-Inertial
SLA

M
for

A
utonom

ous
V

ehicles

Figure 7.6: Our approach achieves accurate mapping and pose estimation, shown in red, on the SNAIL-Radar [78] and HeRCULES [97] datasets.
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Table 7.3: Each component of our radar-inertial SLAM system contributes to the final accuracy
in sequences from SNAIL-Radar [78] and HeRCULES [97]. tRPE, tAPE, in [m] and rRPE in [◦].

20240115/2 Library Day 1

tRPE rRPE tAPE tRPE rRPE tAPE

Scan matching 0.247 0.258 112.4 0.087 0.361 18.47
Scan matching with vel. prior 0.244 0.252 40.04 0.085 0.346 17.03
Local graph with IMU 0.222 0.145 39.90 0.024 0.210 16.99
Local and global without IMU 0.252 0.253 5.642 0.087 0.362 3.652

Local and global with IMU 0.229 0.146 5.726 0.024 0.210 3.389

However, ScanContext and the regular ICP distance score fail to detect cer-
tain loops and correct accumulated errors. Our method, which relies on a radar-
oriented loop detection procedure, identifies the loops and effectively integrates
local and global information, leading to a lower mean tAPE while maintaining com-
petitive accuracy for relative pose estimation. RIV-SLAM also fails in sequence
“Sports Complex Day 1”, where an incorrect point cloud alignment leads to an
inconsistent trajectory. This is prevented with our velocity-based ICP initial-
ization. Additionally, our radar-inertial SLAM technique is on par with LiDAR
approaches. Specifically, it presents an advantage in the highly dynamic scenario
from “Street Day 1”, where LiDAR odometry fails to complete the sequence due
to the high amount of point outliers corresponding to moving objects.

7.3.3 Ablation Studies
The second experiment evaluates how our two-layered graph structure, and how
exploiting the characteristics of radar data for odometry and loop closure, con-
tribute to the final accuracy. We evaluate different configurations of our system
on the SNAIL-Radar [78] dataset sequence 20240115/2 and on the HeRCULES
dataset [97] sequence “Library Day 1” as good examples of long trajectories that
include loops. The main components are the velocity prior for scan matching, the
local graph with and without IMU, and the global loop closure for drift correction.
The results are shown in Table 7.3.

Employing the estimated velocity as the prior for ICP results in a notable im-
provement of the absolute pose errors. Without the velocity prior, wrong point
correspondences can lead to an incorrect trajectory for the following measure-
ments, affecting the absolute error. Furthermore, adding the IMU measurements
reduces relative error but preserves a similar absolute error due to the way the
local factor graph is constructed. Adding the loop closure additionally corrects
accumulated drift, resulting in a system with reduced local and global pose errors.
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7.4 Conclusion
In this chapter, we integrated our odometry and place recognition modules into
a radar-specific system to achieve high-accuracy pose estimation and mapping
in unknown environments. Our modularized approach consists of three main
components. First, we combine our radar odometry approach with an IMU
within a local factor graph to estimate the relative ego-motion between con-
secutive radar measurements. Second, we perform loop closure detection using
our radar place recognition module, which exploits the sparse and noisy char-
acteristics of radar point clouds. Third, we verify the detected loops using our
odometry and point correspondence metrics, and optimize a global graph that
contains loop and odometry information. We implemented and evaluated our
approach on real-world scenarios supporting all claims made in this chapter. The
experiments suggest that our method achieves high performance for estimating
the global pose of the vehicle by solely relying on onboard radar-inertial sensing,
with each component of the system contributing to the final pose estimation ac-
curacy. As demonstrated by our experimental evaluation, our approach enables
simultaneous localization and mapping leveraging radar and IMU sensors, result-
ing in a trajectory that is locally and globally consistent. Beyond estimating the
trajectory, our SLAM system also builds a map of the environment by aggregat-
ing radar scans within each pose, which can serve as a prior for the localization
system of the vehicle.

Our radar-inertial SLAM system builds maps from specific areas of the en-
vironment; hence, covering new regions requires re-running SLAM. In the next
chapter, we integrate long-term mapping and localization capabilities within our
system. This is crucial for merging maps with different coverages, identifying
changes between them, and leveraging the maps to improve pose estimation ac-
curacy during navigation.
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Chapter 8

Long-Term Radar Mapping
and Localization

Long-term mapping and localization aim to achieve an accurate map
that can be extended over time and perform pose estimation within it.
Although our SLAM procedure from Chapter 7 produces a radar point
cloud map, such maps typically involve specific regions of the environ-

ment. Therefore, we require a strategy that can merge multiple SLAM sessions
performed at different times to map the entire drivable area. This results in two
main challenges, illustrated in Figure 8.1. First, during SLAM, the trajectory
is estimated relative to the starting point, which results in each map having a
different origin if the starting location differs between sessions. Furthermore, en-
vironments change over time, such as parked cars changing locations. This can
result in inconsistent maps when combining multiple overlapping maps. Since
radar scans are very sparse, it is crucial that the map only contains correct mea-
surements to minimize wrong point-to-point correspondences during localization.

Existing approaches detailed in Section 3.4 have tackled the challenge of multi-
session map construction and map maintenance using LiDARs. Kim et al. [96]
introduced an approach that performs place recognition between multiple sessions
and aligns them to a common reference frame. Others like Lazaro et al. [111] fo-
cus on the problem of pose graph optimization from maps recorded by multiple
robots. Furthermore, LiDAR methods by Gil et al. [62] and Lim et al. [119, 120]
identify map differences either by measuring the distance between point corre-
spondences in different maps, or by projecting the LiDAR scans to range-azimuth
images and identifying the changes between images. Nevertheless, very few ap-
proaches tackle the problem of localization within existing maps. Fang et al. [49]
and Peng et al. [144] alternate between odometry and localization based on the
number of point correspondences, and Hroob et al. [75] predict non-persistent
points during operation. These methods, however, rely heavily on the high den-
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Day 1

Day 2
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Day 4

Multi-session maps Corresponding images SLAM trajectories

Figure 8.1: Two main challenges during long-term mapping. (left) Trajectories recorded during
different SLAM sessions are initially misaligned. (right) Variations of elements in the scene, such
as parked cars, result in map inconsistencies that need to be considered before localization. We
show the radar map for each of the sessions and its corresponding satellite image for reference.

sity and accuracy of LiDAR sensors. The low number of points in radar scans
can lead to false positives from the place recognition module, and computing map
differences by measuring point correspondences can result in incorrect matches
due to radar noise. Moreover, directly performing scan-to-map localization is
heavily affected by radar sparsity, leading to inaccurate trajectories.

In our work, we overcome incorrect place recognition detections by propos-
ing a strategy to verify detections between sequences. We also present a novel
map maintenance module for noisy radar point clouds, which can identify and
label persistent elements within the environment. Moreover, we present a simple,
yet effective, localization strategy within sparse radar maps that reduces drift
compared to single-session pose estimation approaches.

The main contribution of this chapter is a multi-session mapping and local-
ization approach that merges multiple maps and localizes within them, relying
on automotive radars. We leverage our approach from Chapter 7 to perform mul-
tiple SLAM sessions that cover different regions within the environment. Then,
we address the problem of different starting points by identifying coinciding loca-
tions between sessions using our place recognition module, presented in Chapter 6,
and aligning them to a common reference frame. Additionally, our proposed grid-
based strategy identifies differences between maps. Finally, we present a method
to perform localization in radar maps. In sum, we make three key claims. Our
work: (i) achieves state-of-the-art alignment accuracy of multiple radar SLAM
sessions recorded at different points in time; (ii) merges maps from multiple
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sessions, preserving persistent and reliable points within a compact map; and
(iii) achieves accurate radar pose estimation in the resulting map by combining
odometry and localization for scan matching.

8.1 Our Approach to Multi-Session Mapping
and Localization

Our approach achieves multi-session mapping and localization by leveraging au-
tomotive radars. We first perform online radar SLAM leveraging the technique
described in Chapter 7 over multiple sequences with overlapping locations. We
find the overlap by performing place recognition between all recorded sequences
following our procedure introduced in Chapter 6 and align the maps employing
a global offline optimization approach. We then perform map maintenance by
comparing the sequences recorded at different points in time and identifying the
existence probability of each point. Finally, we achieve low-drift localization by
solely leveraging the points with the highest probability of existence.

8.1.1 Multi-Session Mapping
Rather than relying on a single recording to construct a map of the environment,
the goal of multi-session mapping is to obtain a globally aligned, consistent, and
accurate map by combining recordings taken at different points in time. To
achieve this, we build upon the LiDAR-based multi-session alignment approach
from LT-Mapper [96] and adapt it to operate with automotive radars. We perform
SLAM to build maps of multiple overlapping sequences and identify overlapping
scans based on our place recognition strategy, creating additional constraints
between sessions. We construct a global pose graph containing all odometry and
loop constraints and perform a preliminary optimization step. We then remove
infeasible constraints and perform a second optimization step to refine the global
pose graph, enhancing alignment accuracy.

We leverage our radar-inertial SLAM procedure from Chapter 7 to perform
pose estimation and mapping on M sequences with overlapping regions. Each
sequence, Sm, is defined as a set of K keyframes Km,k ∈ Sm, where each indi-
vidual keyframe Km,k = (Tm

k ,xm,k,Pm,k,dm,k) contains the pose Tm
k ∈ SE(3)

estimated by the single-session SLAM approach and its associated node in the
factor graph xm,k ∈ R6, the individual scans Pm,k filtered by Doppler velocities,
and the place recognition point cloud descriptor dm,k ∈ R256 computed by the
loop closure detector. Additionally, each sequence Sm has an associated set of
factors Fm from its own global factor graph representing the odometry and loop
constraints introduced in our SLAM approach from Chapter 7.
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Location correspondences before verification

Location correspondences after verification

Figure 8.2: Our three-step loop verification strategy removes incorrect place recognitions (red).

Each sequence is recorded independently, with the estimated poses given rela-
tive to the start of the sequence. Inspired by the LiDARmethod by Kim et al. [96],
we need to identify overlapping keyframes between the sequences and align them
to a common reference frame. In our work, we leverage the place recognition mod-
ule presented in Chapter 6 which exploits the radar RCS information to identify
one-to-one location correspondences. Additionally, to remove false positive loop
detections, as shown in Figure 8.2, we propose to leverage three criteria: descrip-
tor similarity, point correspondences, and geometric distances between matches.

First, we measure the L2 distance between descriptors with Equation (7.18)
on page 102. We then leverage the iterative closest point algorithm presented
in Section 2.5.2.1 to align both scans and perform a point correspondence check
to mitigate false positives due to perceptual ambiguity. Unlike LT-Mapper [96],
we leverage the correspondence matching quality introduced in Equation (7.20),
which has shown to be more effective in the radar domain than the ICP fitness
score. We classify a location as similar if the number of correspondences within
a radius r is higher than a threshold δd ∈ [0, 1], following[ 1

|C|
∑

(q,p)∈C

I{∥q− p∥ < r}
]
> δd, (8.1)

where C = {(q,p)} is the set of closest point correspondences between the aligned
query points q ∈ Q and the matching point cloud p ∈ P , and I{c} is the indicator
function, returning 1 if the condition c is true, and 0 otherwise. Furthermore, we
count the number of corresponding locations between sequences. If no matches
are found for a particular sequence, it may either indicate that there is no overlap
or that the place recognition failed to detect valid correspondences. In such cases,
we set the sequence aside for possible alignment with future SLAM sessions.
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After identifying inter-session loop detections, we construct a factor graph
that contains the odometry and loop constraints Fm from each session coming
from the corresponding global factor graphs in Section 7.1.2. Now each pair of
matched nodes, xi,k, xj,k ∈ R6, will have a corresponding pose expressed with
respect to the sequences’ own reference frame, denoted as Ti

k,Tj
k ∈ SE(3).

To obtain an arbitrary pose k of sequences i and j with respect to the inertial
frame TI

i,k,TI
j,k ∈ SE(3), we follow Kim et al. [96] and define their corresponding

anchor nodes, ∆xi,∆xj ∈ R6, that represent the transformation between the
inertial frame and each sequence such that

TI
i,k = TI

i Ti
k, (8.2)

TI
j,k = TI

j Tj
k. (8.3)

Subsequently, the relative transformation between pose k in both sequences
is given by

Ti,k
j,k = (TI

i,k)
−1 TI

j,k. (8.4)

The transformation from Equation (8.4) is compared with the estimated ICP
transform between the two scans T̂i,k

j,k ∈ SE(3) within the inter-session factor,
which is also associated with the observation oi,j,k following

f(∆xi,∆xj, xi,k, xj,k; oi,j,k) = f(∆xi,∆xj, xi,k, xj,k; T̂i,k
j,k). (8.5)

Once the factor graph containing all sequences is built, we perform an initial
optimization step to align the sequences in a common reference frame. However,
incorrect location correspondences may lead to inaccuracies in the estimated tra-
jectories. We propose to perform an additional simple, yet effective, verification
check to remove ambiguous location correspondences by measuring the Euclidean
distance between them. We delete all keyframe correspondences that have a dis-
tance greater than a threshold δE and perform a second global optimization step,
leading to more accurate trajectories. We further extend LT-Mapper [96] by per-
forming one-to-one pairing between all sequences. This strategy enables direct
merging of multiple recordings into a single map, reducing potential deviations
caused by an inaccurate central sequence. Additionally, instead of re-optimizing
all trajectories when new sequences are recorded, the map can be updated incre-
mentally by pairing each new session with the existing map as a reference.

8.1.2 Map Maintenance
Environments are dynamic, with elements such as vehicles arriving and departing,
changes caused by constructions, and other scene elements evolving over time.
To have reliable localization and prevent incorrect point matches during scan
registration, it is essential to retain only persistent points within the map, making
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Figure 8.3: Our map maintenance procedure. We convert the point cloud maps into occupancy
grids, estimate the occupancy probability of each voxel, and retrieve the labeled points with
their probability. Then we discard points with an existence probability lower than a threshold.

map maintenance a critical step for multi-session mapping. Existing LiDAR
methods compute map changes by leveraging dense and accurate point clouds,
typically measuring the nearest-neighbor distances [75] or projecting scans to
images [96]. However, radar maps often contain noise outliers and sparse point
clouds, resulting in unreliable point correspondences.

Inspired by Hroob et al. [76] and Gil et al. [62], we differentiate between three
types of points in a map: dynamic, volatile, and persistent. Dynamic points be-
long to objects that are moving during SLAM. Unlike LiDARs [95, 119, 120],
radars provide per-point Doppler velocities. To filter out dynamic objects, we
compute the vehicle’s velocity and discard points with a motion-compensated ve-
locity higher than a threshold δdyn following Equation (4.12) on page 55. Volatile
points belong to objects that change their location across sessions, such as radar
noise, stopped buses, standing people, and parked cars. Additionally, persis-
tent points belong to objects that remain in the scene over time, which can
be associated with structures like buildings or elements that have not changed
across sessions, such as occupied parking spots. However, volatile and persis-
tent points may not be directly identifiable at runtime, requiring specialized map
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maintenance procedures. We propose a strategy, illustrated in Figure 8.3, that
leverages 3D grid maps to compute the map occupancy probability over multiple
sessions. We then identify volatile points with low probability of existence, and
only leverage persistent points during localization.

To represent the environment after multi-session alignment, we convert each
radar point cloud mapMm into a 3D binary occupancy voxel grid Gm. The goal
is to compute the occupancy probability of the voxels corresponding to each map.
However, not all maps have the same coverage. While maps will partially overlap,
some maps may contain poses covering a larger area than others. Therefore, it is
essential that only maps that cover a specific voxel are taken into account when
estimating its probability of being occupied.

Given the set of voxels present at least in one occupancy map V with each
voxel defined by its center position v ∈ R3, we denote the map coverage Cm(v)
as a binary indicator of whether any kth position of mapMm is within the radar
range R of voxel v such that

Cm(v) = I{∥trans(Tm
k )− v∥ < R}, (8.6)

where the binary indicator function I{c} checks whether any kth position from
map mth is within the radar measurement range R, and trans(Tm

k ) extracts the
translation component of the pose k from map m that has already been optimized
during multi-session alignment.

We compute the number of maps Ncov(v) covering a specific voxel following

Ncov(v) =
∑
m∈M

Cm(v), (8.7)

and the number of maps that cover an occupied voxel Ncov+occ(v) according to

Ncov+occ(v) =
∑
m∈M

Cm(v) Gm(v), (8.8)

where Gm(v) is 1 if an occupied voxel v exists in the grid map, and 0 otherwise.
We estimate the final occupancy probability with respect to the number of

maps that cover each voxel P (v) with

P (v) = Ncov+occ(v)
Ncov(v)

. (8.9)

Note that our approach also accounts for new structural elements. The occu-
pancy probability increases as more sessions contain that occupied voxel, even-
tually considering the point as persistent. Moreover, by storing two hash maps
for Ncov(v) and Ncov+occ(v), the probability P (v) of affected voxels can be incre-
mentally updated with new incoming sessions.
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Ours

GT

Scan-to-map ICP

Figure 8.4: Matching between current radar scans (blue) and map (red) is error-prone due to
scene changes and sparsity. Combining localization and odometry enhances trajectory accuracy.

To obtain the final global mapMG, we retrieve the points from their corre-
sponding voxels and assign to each point the voxel’s occupancy probability as its
existence probability. During localization, we discard points with an existence
probability below a threshold β.

8.1.3 Radar Localization
The goal of the previous steps was to create a map suitable for long-term localiza-
tion. Contrary to odometry, which solely relies on an online map, having an accu-
rate pre-built map reduces uncertainty during pose estimation. Some approaches
exist in the LiDAR domain [3, 9] that directly match the current measured scan
with the pre-built map, or perform mode-switching between odometry and local-
ization [49]. However, radar scans are sparse, and direct scan-to-map matching
leads to estimation errors in changing environments, see Figure 8.4. Our proposed
radar localization system combines scan-to-map localization with odometry and
leverages radar Doppler velocities to achieve a consistent and accurate trajectory.

Our simple, yet effective, scan-to-map localization strategy fuses the short-
term pose accuracy of radar odometry with the long-term temporal consistency
of a maintained global map, leading to reduced drift. We register the current
scan p ∈ P jointly against two spatial representations: the locally accumulated
odometry map m ∈ ML, and the globally consistent map mG ∈ MG obtained
following our map maintenance procedure in Section 8.1.2. However, a naive
combination of global and local maps into the same voxel map [172] can lead
to a bias towards odometry, as its points tend to have more matches due to
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higher similarity between consecutive scans, neglecting the global prior map. We
approach this with a weighted scan-to-map registration strategy that explicitly
biases the optimization toward the global map, while still leveraging information
from the local map. During ICP alignment, we assign a higher weight to the
correspondences from the global map MG, thereby guiding the solution toward
globally consistent poses. We estimate the relative transformation T∗ ∈ SE(3)

that combines the global and local map following

T∗ = argmin
T∈SE(3)

[
wL ·

∑
(p,mL)∈CL

ρ
(
|p− TmL|

)
+ wG ·

∑
(p,mG)∈CG

ρ
(
|p− TmG|

)]
, (8.10)

where CL, CG are the sets of correspondences between the current scan and the
local and global map, respectively, wL, wG, are balancing weights for the local
and global maps, and ρ is a robust Geman McClure kernel [172] to handle point
correspondence outliers. Additionally, we leverage the Doppler velocities provided
by the radar to compute the initial ICP estimate as described in Section 7.1.1.1.

8.2 Implementation Details
Our implementation of the long-term mapping and localization approach con-
sists of three main components: the multi-session mapping procedure presented
in Section 8.1.1, our map maintenance procedure from Section 8.1.2, and our
localization strategy from Section 8.1.3. We implement our system employing
ROS2 for communication between modules and GTSAM [39] for factor graph
optimization. For place recognition, we exploit our approach from Chapter 6
trained on the SJTURadarDataset [117]. The evaluation parameters include the
place recognition threshold δPR = 0.6, the point matching radius r = 0.5m and
ratio δd = 0.3, the Euclidean distance correspondence threshold δE = 5m, the
dynamic velocity threshold δdyn = 0.1m/s, a voxel grid size of 1 m, the radar
range R = 50m, a point probability threshold β = 0.6 and the global and local
map weights wG = 10 and wL = 1 for the SNAIL-Radar [78] and wG = 2, wL = 1

for the HeRCULES [97] datasets. Furthermore, during map generation, we re-
move all vertical movement and assume a planar vehicle trajectory. The eval-
uation measures the absolute trajectory (tAPE) and rotation (rAPE) error with
respect to the reference trajectories as introduced in Section 2.5.5.

8.3 Experimental Evaluation
The main focus of this chapter is a long-term mapping and localization approach
that combines maps built at different times, performs map maintenance to keep
only persistent points, and localizes within the resulting map. We present our
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Before alignment After alignment

Figure 8.5: Before trajectory alignment, each sequence has a different origin with variations in
the rotation. Our approach accurately brings all trajectories into a common reference frame.

experiments to show the capabilities of our method. The results explicitly support
our claims that our approach: (i) achieves state-of-the-art alignment accuracy of
multiple radar SLAM sessions recorded at different points in time; (ii) merges
maps from multiple sessions, preserving persistent and reliable points within a
compact map; and (iii) achieves accurate radar pose estimation in the resulting
map by combining odometry and localization for scan matching.

8.3.1 Experimental Setup
We evaluate our system on the SNAIL-Radar [78] and HeRCULES [97] datasets
using the ARS548 radar sensor. For multi-session alignment, we perform single-
session SLAM on the SNAIL-Radar SUV sequences “20240113/1”, “20240123/3”,
“20240113/3”, “20240115/2”, and “20240116/2” and perform our two-step global
optimization between them. We also use the aforementioned sequences during our
ablations to analyze the contribution of each component. Additionally, we eval-
uate parking sequences from the HeRCULES dataset including “Parking D.1”,
“Parking N.”, “Parking D.2.1”, and “Parking D.2.2”. We then perform multi-
session alignment across all sequences for each dataset, treating every sequence as
reference. In each sequence, we report the mean error across all alignments. Fur-
thermore, to observe the impact of the SLAM system on our multi-session align-
ment, we evaluate our approach leveraging the RIV-SLAM [178] and RaI-SLAM
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Table 8.1: We achieve state-of-the-art multi-session alignment perfomance on the SNAIL-Radar
dataset [78] within multiple sequences of varying sizes. tAPE in [m] and rAPE in [◦].

20240113/1 20240123/3 20240113/3 20240115/2 20240116/2 Mean

tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE

RaI-SLAM (Chap. 7) 0.193 0.907 3.013 1.221 12.49 1.051 6.758 0.749 45.11 2.179 13.51 1.220
RIV-SLAM [178] 0.418 1.076 4.275 1.016 3.120 0.887 5.991 0.649 N/A N/A - -

LT-Mapper (RIV) [96] 0.454 1.253 1.849 1.132 3.390 1.203 3.310 0.753 N/A N/A - -
Ours (RIV) 0.206 1.075 1.568 1.049 2.512 1.009 2.544 0.582 N/A N/A - -

LT-Mapper (RaI) [96] 0.197 0.924 1.821 1.096 2.648 0.666 2.575 0.698 8.998 1.160 3.248 0.900
Ours (RaI) 0.242 0.956 1.607 0.998 2.153 0.610 2.180 0.634 9.472 1.229 3.131 0.885

Table 8.2: We achieve state-of-the-art multi-session alignment performance on the HeRCULES
dataset [97] within multiple sequences in a parking lot. tAPE in [m] and rAPE in [◦].

Parking D.1 Parking D.2.1 Parking D.2.2 Parking N. Mean

tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE

RaI-SLAM (Chap. 7) 0.622 2.575 0.466 2.412 0.576 1.015 0.774 3.256 0.609 2.314
RIV-SLAM [178] 0.772 2.146 0.465 2.687 6.602 2.722 0.783 3.520 2.155 2.769

LT-Mapper (RIV) [96] 3.999 9.516 1.057 4.825 1.283 6.546 1.015 3.384 1.838 6.068
Ours (RIV) 0.740 2.833 0.347 2.745 3.692 5.327 1.064 4.658 1.461 3.891

LT-Mapper (RaI) [96] 2.001 5.353 0.990 3.323 0.660 1.874 0.842 3.232 1.123 3.445
Ours (RaI) 0.610 2.516 0.571 2.530 0.620 1.383 1.275 4.196 0.769 2.656

backends from Chapter 7. We modify them to output the same pose, point cloud,
and descriptor formats, and select the most reliable backend for the rest of the
experiments. To evaluate our localization approach in the SNAIL-Radar dataset,
we localize sequences, “20240116_eve/5” and “20240113/1”, within a map built
with “20231208/4”, “20231213/1”, “20231213/4”, “20231213/5”, “20240115/3”,
“20240116/5” and “20240123/3”. We also localize sequences “20231208/5”, and
“20231213/2” within a map built from sequences “20231201/3”, “20240113/1”
and “20240113/3”. In the HeRCULES dataset, we build, maintain, and localize
“Parking D.1”, “Parking N.”, “Parking D.2.1”, and “Parking D.2.2”. Similarly,
we compare localization accuracy in maintained and not maintained maps, local-
izing “20240116_eve/5”, “20240113/1”, “20231208/5”, and “20231213/2” in the
maps built for localization, and performing uniform voxel downsampling of the
maps at 0.5, 1.0, and 1.5m to evaluate accuracy at different resolutions. In our
evaluation, we omit the mean results of methods with failed runs.

8.3.2 Multi-Session Trajectory Alignment
The first experiment supports our claim that our multi-session mapping approach
achieves state-of-the-art alignment accuracy of multiple radar SLAM sessions
recorded at different points in time. We compare our method against a state-
of-the-art LiDAR approach, LT-Mapper [96] for multi-session alignment. Since

121



8.3. Experimental Evaluation

4.5

4.2

3.9

3.6

3.3

3.0

1.00

0.95

0.90

0.85

0.80

APE [m] APE [ ]

[A] [B] [C] [D] [A] [B] [C] [D]

Figure 8.6: Ablations of our alignment strategy for single sequence matching [A], single sequence
with verification [B], multi-sequence matching [C], and multi-sequence with verification [D].

LT-Mapper is designed for LiDAR sensors, we modify its input to take the poses
coming from the radar SLAM backends. Moreover, we swap the ScanContext [94]
LiDAR place recognition approach with our radar place recognition method intro-
duced in Chapter 6 for fair comparison. Additionally, we provide the online trajec-
tory results of single-sequence RaI-SLAM from Chapter 7 and RIV-SLAM [178].
The results are displayed in Table 8.1 and Table 8.2, where bold indicates the
best alignment for each backend. Our ablations in Figure 8.6 report the mean
and standard deviation under different configurations. In Figure 8.5 we also pro-
vide a qualitative comparison of the trajectories in the SNAIL-Radar [78] dataset
before and after performing multi-session alignment.

The results demonstrate how our method enhances the average alignment
accuracy in both datasets, with the RaI-SLAM backend showing superior per-
formance. Moreover, RIV-SLAM fails in sequence “20240116/2”, meaning that
this sequence cannot be considered during alignment. Furthermore, multi-session
alignment presents a clear advantage over single-session SLAM as it is able to
correct for loop closures that may not have occurred. In addition, our ablations
demonstrate how the loop verification contributes to the overall accuracy. While
the improvement in positional accuracy is clear, the orientation error reflects
a trade-off from multi-sequence configurations, which constrain the poses with
respect to all trajectories. In such cases, the optimization may compromise a
well-aligned trajectory to improve consistency across sessions. Therefore, single-
sequence alignment may present superior performance when relying on a single
session with high trajectory accuracy, but will substantially degrade if the refer-
ence session is inaccurate. Our approach, on the contrary, can mitigate reference
trajectory inaccuracies, visible in the reduced standard deviation.
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Table 8.3: Localization performance in the SNAIL-Radar dataset [78] improves in maintained
maps (Maint.) and degrades when performing raw scan aggregation (Not maint.) at different
voxel resolutions. “N /A” indicates a failed run. Map size in [MB], tAPE in [m] and rAPE in [◦].

20240116_eve/5 20240113/1 20231208/5 20231213/2

Voxel size Map type Size tAPE rAPE Size tAPE rAPE Size tAPE rAPE Size tAPE rAPE

None Not maint. 149.3 1.293 1.144 165.7 0.476 1.119 159.4 1.929 0.809 167.9 N/A N/A
Maint. 106.8 1.254 1.161 119.6 0.420 1.190 124.6 1.934 0.797 131.1 1.816 1.313

0.5m Not maint. 58.89 1.288 1.188 62.03 0.522 1.245 81.39 1.924 0.805 83.83 N/A N/A
Maint. 34.34 1.259 1.171 35.92 0.413 1.233 57.10 1.925 0.800 58.64 1.817 1.318

1.0m Not maint. 24.42 1.276 1.170 25.21 0.432 1.085 38.57 1.912 0.799 39.27 1.811 1.353
Maint. 12.21 1.274 1.155 12.46 0.360 0.977 24.23 1.917 0.816 24.58 1.812 1.340

1.5m Not maint. 12.99 1.286 1.122 13.31 0.476 1.089 22.03 1.926 0.892 22.35 1.825 1.424
Maint. 6.478 1.339 1.177 6.572 0.464 1.040 13.49 1.914 0.835 13.64 1.806 1.371

Viewpoints

Figure 8.7: (left) Labeled map after map maintenance with volatile points in red and persistent
points in green. (right) Corresponding camera image with movable objects masked in red.

8.3.3 Maintained Maps for Localization and Storage

The second experiment supports our claim that our map maintenance approach
merges maps from multiple sessions, preserving persistent and reliable points
within a compact map. To validate the reliability of our maintained maps, we per-
form standard scan-to-map localization without relying on odometry and verify
the performance on maintained maps, which include only persistent points, and
not maintained maps, which are constructed by merging all session maps without
filtering. We display the results in Figure 8.7 and Table 8.3, where bold highlights
the best performance. The evaluation demonstrates that our map maintenance
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Table 8.4: Our approach improves pose estimation accuracy over scan-to-map matching and
achieves reduced drift on the HeRCULES dataset [97]. tAPE in [m] and rAPE in [◦].

Parking D.1 Parking D.2.1 Parking D.2.2 Parking N. Mean

tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE

RIV-SLAM [178] 0.787 2.230 0.487 2.799 6.644 2.920 0.847 3.054 2.191 2.751
Radar ICP Odom. (Chap. 4) 3.164 4.528 1.788 1.297 2.202 1.957 3.619 1.557 2.536 1.604
RaI-SLAM (Chap. 7) 1.770 2.379 1.778 1.181 1.161 1.772 2.385 1.374 1.774 1.442

Radar ICP Loc. (Chap. 7) 1.273 2.776 1.586 1.986 1.344 2.711 2.345 6.698 1.401 2.491
Ours 1.116 2.064 1.466 1.574 1.332 1.770 2.038 6.314 1.305 1.803

Table 8.5: Our approach improves pose estimation accuracy and achieves reduced drift on the
SNAIL-Radar dataset [78]. “N /A” indicates a failed run. tAPE in [m] and rAPE in [◦].

20240116_eve/5 20240113/1 20231208/5 20231213/2 Mean

tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE tAPE rAPE

RIV-SLAM [178] 7.109 0.880 0.266 3.454 6.291 1.678 5.736 0.839 4.851 1.713
Radar ICP Odom. (Chap. 4) 4.437 1.533 1.723 2.040 18.18 1.692 24.04 2.317 12.09 1.896
RaI-SLAM (Chap. 7) 3.832 1.365 0.427 1.365 23.25 2.024 26.40 2.453 13.49 1.802

Radar ICP Loc. (Chap. 7) 1.262 1.190 0.393 1.298 1.929 0.800 N/A N/A - -
Ours 1.270 1.172 0.328 1.342 1.926 0.776 1.854 1.387 1.345 1.170

approach removes volatile points and reduces map size while maintaining superior
overall localization accuracy. Interestingly, in sequence “20231213/2”, localiza-
tion in the non-maintained map fails at low compression rates due to the high
amount of incorrect point correspondences, but works after heavy downsampling,
when many of these wrong correspondences are removed.

8.3.4 Localization in Radar Maps
The third experiment supports our claim that our radar localization method
achieves accurate pose estimates in the resulting map by combining odometry
and localization for scan matching. Due to the lack of map-based localization
methods, we adapt Radar-ICP from Chapter 4 to perform scan matching against
a pre-built map and use it as our baseline. We display the best map-based local-
ization approach in bold, and also provide online pose estimation methods that
do not leverage a prior map, including the original Radar-ICP from Chapter 4,
RaI-SLAM from Chapter 7, and RIV-SLAM [178]. The results are displayed
in Figure 8.4, Table 8.4, and Table 8.5. The evaluation shows that odometry,
which operates without any prior map, leads to substantial drift. Online SLAM
approaches, on the contrary, achieve high accuracy in shorter parking lot se-
quences, but can result in drift over time. Localization approaches, however, can
achieve reduced drift by leveraging a pre-computed map. Moreover, as previously
displayed in Figure 8.4, our method overcomes the sparsity of radar scans and
substantial environmental changes, where simple scan-to-map matching fails.
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8.4 Conclusion
In this chapter, we presented a novel approach for long-term mapping and lo-
calization of autonomous vehicles that leverages automotive radars. We address
the limitations of our single-session SLAM technique introduced in Chapter 7
and propose an approach that merges and localizes by exploiting multiple maps
recorded at different times. Specifically, our radar-oriented strategy integrates
the place recognition module from Chapter 6 to perform loop detection and ver-
ification between sessions, reducing the influence of incorrect place recognition
detections. Moreover, by identifying inter-session constraints across multiple se-
quences, our approach reduces the dependence on a single reference sequence. We
leverage the aligned sessions to perform map maintenance with a novel technique
that constructs a temporal occupancy grid to filter out noise and movable objects
from noisy radar maps. We then localize in the maintained maps with a reliable
vehicle pose estimation approach that combines localization, odometry, and radar
Doppler velocities, reducing the influence of point outliers. We implemented and
evaluated our approach on real-world scenarios supporting all claims made in this
chapter. We demonstrated how our multi-session alignment technique achieves
state-of-the-art performance on automotive radar maps and how our map mainte-
nance procedure identifies temporal changes in the map. Finally, our localization
method achieves accurate pose estimation in sparse radar maps. Our work en-
ables combining previous knowledge from the environment and leveraging it to
achieve accurate localization, collectively enhancing the capabilities of long-term
navigation using automotive radar data.
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Chapter 9

Conclusion and Future Work

9.1 Conclusion
Autonomous vehicles have the potential to mitigate human error and reduce traf-
fic fatalities. To achieve reliable and safe navigation, these vehicles must be able
to determine their pose independently of the driving scenario. Localization ap-
proaches that rely on GNSS degrade under dense foliage, in urban canyons, and
in indoor scenarios such as tunnels and parking lots. Camera-based solutions face
limitations under low-light and adverse weather conditions. And LiDAR systems
are affected by adverse weather and high production costs. The main contribu-
tions of this thesis are novel approaches that leverage automotive radar sensors
for pose estimation and mapping. These sensors are compact, robust against bad
weather, and come at considerably lower production costs than LiDARs. Never-
theless, they present unique challenges such as high sparsity and noise in their
output point clouds, which are specifically addressed in our proposed methods.
In our work, we divide the task of radar localization and mapping into distinct
components and address them individually.

In Chapter 4, we advance radar-only odometry and mapping. We propose a
novel scan matching approach that combines the Doppler velocity information
provided by automotive radars with point-to-point ICP, leading to state-of-the-
art results comparable to LiDAR sensors. In addition, our velocity pre-filtering
strategy handles scenarios where the sensor’s field of view is being blocked by
large dynamic objects. We also address the online mapping problem, where our
simple yet effective approach reduces the number of outliers present in the radar
map. The methods of this chapter focus on motion estimation and mapping on
the plane. However, autonomous vehicles often navigate on roads with minor
slope variations, requiring accurate vertical motion estimation.

We tackle this challenge in Chapter 5, where we propose a heuristic-based
procedure that leverages the radar cross section information provided by the

127



9.1. Conclusion

sensor to segment the ground plane within radar scans. We leverage this ground
plane during pose estimation, which mitigates vertical drift and achieves state-
of-the-art pose estimation accuracy with minimal runtime overhead.

Our odometry techniques, however, do not leverage information from the past,
resulting in the accumulation of errors over time. To exploit previously recorded
radar data, we present in Chapter 6 one of the first radar-specific place recognition
approaches that identifies previously visited locations. We propose a descriptor
encoder network that exploits the radar cross section information of the entire
scan to measure the similarity between locations, and addresses radar sparsity and
noise by identifying the scan points that are more reliable for place recognition.
Our approach achieves state-of-the-art results and produces descriptors that are
substantially more compact than existing methods. In addition, despite training
our network only once for 3D radar sensors, the model is able to generalize to
other datasets and radar sensors during SLAM, as introduced in Chapter 7, and
multi-session mapping presented in Chapter 8.

We integrate our odometry and place recognition modules into a complete
SLAM system described in Chapter 7, which leverages loop closure detection
and the Doppler velocities provided by radars to achieve reduced drift. More-
over, we add an inertial measurement unit to enhance local trajectory estimates.
Compared to existing radar-SLAM approaches, our method combines a local
graph with a global graph, enhancing local and global trajectory consistency.
Our system achieves state-of-the-art pose estimation accuracy for single-session
radar-inertial SLAM.

Radar odometry and SLAM enable accurate trajectory estimation and map-
ping. However, these methods are designed for operating online. In Chapter 8
we introduce one of the first long-term map construction, map maintenance, and
localization systems suitable for radar data. Our proposed approach combines
multiple SLAM sessions into a single reference frame and filters out incorrect cor-
respondences, achieving accurate trajectory alignment. Furthermore, we focus on
the challenge of detecting changes in sparse radar maps, such as parked vehicles
or new constructions. These map points can hinder localization performance by
causing incorrect point correspondences between the current radar scan and the
map. In our work, we present a novel approach to maintain maps over time and
localize within the resulting maps, achieving improved localization accuracy.

All in all, our contributions to SLAM exploiting the properties of automotive
radars have the potential to shape the future of radar-based pose estimation and
mapping for autonomous driving. Our radar-specific techniques achieve state-
of-the-art performance on odometry and place recognition. We further enhance
our system by integrating these two modules into a full-SLAM system. We inte-
grate an inertial sensor to improve our local trajectory performance and perform
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loop closure for drift correction. Additionally, our work tackles the challenge of
multi-session alignment, accounting for changes between different maps and per-
forming localization within them. We evaluated and tested all our approaches
using publicly available real-world datasets and demonstrated that our radar-
specific methods surpass the state of the art in radar pose estimation and map
construction. In summary, this work provides practical solutions to enhance lo-
calization and mapping using radar, which can help autonomous vehicles become
safer and reduce traffic fatalities under all weather conditions.

9.2 Future Work
While our contributions provide promising directions toward achieving vehicle
autonomy by exploiting the capabilities of automotive radars, future novel tech-
niques will provide further improvements in terms of data availability and pose
estimation accuracy. Moreover, semantic understanding within a map can be
beneficial to enhance safe autonomous vehicle navigation.

One of the remaining challenges in radar localization and mapping for au-
tonomous vehicles is the limited availability of radar data to the general public.
Although several automotive radar datasets have been published during the re-
cent years [21, 50, 78, 97, 139, 177, 203], most of them are short sequences, such
as the nuScenes [21], truckScenes [50], and View of Delft [139] datasets, or present
some inconsistencies in the ground truth, like the NTURadLM [203]. Moreover,
only nuScenes and truckScenes provide extrinsic calibrations of the sensors with
respect to the vehicle, which is necessary for certain velocity-based approaches like
the ones based on the formulation from Kellner et al. [89]. Therefore, assembling
a sensor platform that includes accurate extrinsic calibration and high-accuracy
sensors for ground truth generation remains a crucial step in the development of
reliable radar localization and mapping algorithms.

Another remaining challenge is to further improve radar pose estimation ac-
curacy to consistently achieve LiDAR-level results. While the performance of the
presented methods within this thesis has pushed forward the state of the art, the
low resolution of radar point clouds can remain a challenge in sharp turns, where
the radar is affected by substantial environment variations. Moreover, despite
our ground-aware odometry approach providing encouraging results in pose esti-
mation performance with slope variations, radar manufacturers sometimes label
ground points as noise and remove them during the internal signal processing of
the radar. We believe that estimating the local gravity vector from inertial mea-
surements as proposed by Malladi et al. [129] in the LiDAR domain can aid in
vertical motion estimation. The combination of radars with cameras can also help
address this issue. As an additional component to radar scan matching, extract-
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ing translation and rotation-invariant features from images that can be tracked
across frames can help improve odometry accuracy, especially in the z-axis.

Another crucial aspect where the camera can be beneficial is during online
navigation. In this thesis, we have focused on point cloud maps, since they are the
direct output of automotive radar sensors. Nonetheless, even after filtering radar
scans and performing map maintenance, radar point clouds may still contain
outliers coming from noise or reflections. This can lead to errors during navi-
gation where driveable areas are incorrectly considered occupied. By leveraging
cameras, spatial occupancy estimation can be enhanced, and driveable regions
can be better estimated than when relying solely on radar point clouds. The
fusion of radar and camera sensors also results in broader possibilities in terms
of place recognition. Multi-modal information can be combined within the place
recognition system, where a weighting procedure could bias the output towards
each sensor modality based on the lighting and weather conditions. Existing
methods [54] directly fuse the information of both sensor modalities, which can
enhance place recognition performance. Moreover, rather than using single radar
scans for loop closure detection, leveraging temporal information from sequences
of multiple scans [173] could also result in more reliable place recognition.

Finally, it can be beneficial for vehicle navigation to have an understanding of
the elements within a map. This can support scene understanding and obstacle
avoidance within pre-recorded maps. Semantic mapping techniques could add
such information, enhancing the understanding of the surroundings. Moreover,
since maps created by autonomous vehicles can be highly diverse, ranging from
parking lots to logistics warehouses, it can be of great interest to leverage the
characteristics of open-world vision models trained on large-scale data to inte-
grate their information within radar maps. These models are typically trained on
billions of images and text information. A dedicated labeling system can project
the radar point clouds onto their corresponding camera images, transferring ex-
isting knowledge from camera images to radar point clouds. This has already
been achieved for RGB-D camera sensors [146, 190], and can provide essential
ways for 3D radar map understanding.

All in all, the methods presented in this thesis provide a foundation for radar
localization and mapping for autonomous vehicles. While there are still open
challenges regarding data availability, high-accuracy vertical pose estimation, and
camera-radar sensor fusion, our approaches have shown a step forward toward
achieving reliable pose estimation and mapping leveraging automotive radars.
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