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Abstract

Daniel Adolfsson (2023): Robust large-scale mapping and localization—Combining
robust sensing and introspection. Orebro Studies in Technology 100.

The presence of autonomous systems is rapidly increasing in society and indus-
try. To achieve successful, efficient, and safe deployment of autonomous sys-
tems, they must be navigated by means of highly robust localization systems.
Additionally, these systems need to localize accurately and efficiently in real-
time under adverse environmental conditions, and within considerably diverse
and new previously unseen environments.

This thesis focuses on investigating methods to achieve robust large-scale
localization and mapping, incorporating robustness at multiple stages. Specif-
ically, the research explores methods with sensory robustness, utilizing radar,
which exhibits tolerance to harsh weather, dust, and variations in lighting con-
ditions. Furthermore, the thesis presents methods with algorithmic robusiness,
which prevent failures by incorporating introspective awareness of localization
quality. This thesis aims to answer the following research questions:

How can radar data be efficiently filtered and represented for robust radar
odometry? How can accurate and robust odometry be achieved with radar?
How can localization quality be assessed and leveraged for robust detection of
localization failures? How can self-awareness of localization quality be utilized
to enhance the robustness of a localization system?

While addressing these research questions, this thesis makes the following
contributions to large-scale localization and mapping: A method for robust
and efficient radar processing and state-of-the-art odometry estimation, and a
method for self-assessment of localization quality and failure detection in lidar
and radar localization. Self-assessment of localization quality is integrated into
robust systems for large-scale Simultaneous Localization And Mapping, and
rapid global localization in prior maps. These systems leverage self-assessment
of localization quality to improve performance and prevent failures in loop clo-
sure and global localization, and consequently achieve safe robot localization.

The methods presented in this thesis were evaluated through comparative
assessments of public benchmarks and real-world data collected from various
industrial scenarios. These evaluations serve to validate the effectiveness and
reliability of the proposed approaches. As a result, this research represents a
significant advancement toward achieving highly robust localization capabili-
ties with broad applicability.

Keywords: SLAM, Localization, Robustness, Radar
Daniel Adolfsson, School of Science and Technology
Orebro University, SE-701 82 Orebro, Sweden, dla.adolfsson@gmail.com
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“The reliable cartographer”

A robot, sleek and strong and bold,
Perceives the world, with senses untold,
Estimating motion, smooth as silk,
Robustly mapping, with perfect skill.

Revisiting places it has seen,

Its sensors keen, and evergreen,
Correcting estimates, with such ease,
Robustly mapping, with such expertise.

Each correction made, with careful care,
Maps become clearer, beyond compare,
A masterpiece, a sight to behold,
Robustly mapping, with stories untold.

Verifying every correction,

Sensors scanning, with perfect detection,
The maps it builds, a work of art,
Robustly mapping, with all its heart.

From tempest’s roar to blizzard’s blow,

The robot braves, with perfect glow,
Through storms unleashed, a world to know,
Robustly mapping, where harsh winds throw.

A map in hand, with landmarks bold,
The robot navigates with sight so cold,
Pose regression, its guiding star,

Helps it find its place, no matter how far.

ChatGPT, DALL-E2 and Daniel Adolfsson — 2023
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Chapter 1
Introduction

Autonomous systems are becoming increasingly more present in society and
industry, operating in the presence of or in collaboration with humans. Appli-
cations range from delivery services, self-driving vehicles, and transportation
within large-scale urban environments, to industrial forklifts and machines op-
erating within mining and construction scenarios. These systems can enhance
societal efficiency and productivity, and play a crucial role in freeing humans
from hazardous - but necessary — work. However, a profound level of robust-
ness and safety is required to successfully integrate autonomous systems into
our society with a high degree of public acceptance. A fundamental aspect of
robust operation lies in the system’s ability to navigate by localizing safely and
effectively, even under challenging conditions.

Safe and uninterrupted autonomous localization commonly requires all-
weather robust sensing in harsh conditions. For example, self-driving vehicles
must perceive their surroundings effectively during the day and night, and dur-
ing adverse weather conditions such as heavy snow, rain, and fog. Similarly,
mining and construction machines are expected to operate in the presence of
dust. These conditions may reduce the visibility of exteroceptive sensors such
as lidar, and, in particular, camera. As a consequence, subsequent methods for
localization can be compromised.

Fortunately, radar — which has recently become compact and accurate with
long range — remains largely unaffected under these conditions. Therefore, the
sensor modality presents promising advantages for robust and uninterrupted
autonomy even under adverse conditions.

However, system-wide robustness or resilience cannot be achieved solely
from environment-tolerant sensing, but requires careful algorithmic considera-
tion at all stages. In particular, localization algorithms need to be enhanced with
introspective capabilities, to evaluate their success in executing their tasks, and
act accordingly to improve their performance and prevent hazardous failures.

The primary goal of this thesis is to develop autonomous localization meth-
ods that emphasize robustness through the use of reliable sensors — such as



radar — and robust algorithms for filtering, pose tracking, and place recogni-
tion. Furthermore, the thesis explores methods for introspective self-assessment
of localization quality, which is leveraged to enhance the overall system-level ro-
bustness for both Simultaneous Localization And Mapping (SLAM) and global
localization in prior maps.

1.1 Thesis outline

This chapter introduces the research topics and presents the research questions
and contributions of this thesis. The articles that constitute the core of this the-
sis are appended to this thesis and briefly summarized in Sec. 1.5. Chapters 2, 3
and 4 summarize the work carried out in this thesis per research topic. For
each topic, the related work and published articles are presented, followed by
a discussion on select topics and findings. Finally, Chapter 5 concludes with
a summary of the thesis’ contributions to the research questions and suggests
future research topics.

1.2 Problem statement

This thesis focuses on robust systems for large-scale Simultaneous Localization
And Mapping, and global localization and tracking in prior maps. In the scope
of this thesis, a system is considered robust if performing consistently well, with
a low failure rate, in a wide range of environments and over a long period of
time [35, 112]. For that reason, the thesis investigates localization and mapping
methods with a focus on understanding how performance generalizes across
diverse environments.

A localization system requires prior maps that must be created at some
point, for example, using SLAM. We distinguish between SLAM, which fo-
cuses on building new maps, and localization in prior maps, that is, the task
of localizing within these previously built maps. However, both tasks can have
the following subtasks in common: pose tracking and place recognition. Pose
tracking for SLAM is more commonly referred to as odometry estimation, and
generally does not rely on prior maps. Within a SLAM session, place recogni-
tion is more commonly referred to as loop closure, or rather takes place as one
of several subtasks within a loop closure subsystem. This thesis investigates
methods for odometry and pose tracking, loop closure in SLAM, and global
localization.

1.2.1 Radar interpretation and odometry estimation

Long-term failure-free localization requires a sensor modality that can operate
well during day and night, is unaffected by dust and precipitation, and provides
long-range, accurate, and information-rich data. For that reason, the thesis is

2 ‘ Daniel Adolfsson 1.1. Thesis outline
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Figure 1.1: A full 360° sweep from a spinning radar, presented in its original
polar form (left) and computed Cartesian form. Scan the QR code or follow
the link found in the footnote for a video visualization of spinning radar data.

mainly concerned with spinning radar and, to a lesser extent, lidar. The ben-
efits of robust radar sensing do, however, come at the price of more data to
process and challenging data interpretation. Radar has challenging noise char-
acteristics, including speckle noise, receiver saturation, and multipath reflec-
tions. The radar considered in this thesis is a mechanically spinning single-beam
Frequency-Modulated Continuous Wave (FMCW) radar, specifically the model
series “CIR” developed by Navtech. The radar is continuously spinning while
separating measurements into 360° sweeps. An example of spinning radar data
is presented in Fig. 1.1 @', A visualization of radar and lidar data is presented
in Fig. 1.2, and a comparison of their resilience to dust is presented in Fig. 1.3
o’

Lidar generally provides sparse point clouds with a single reading per beam.
On the contrary, the radar considered in this thesis provides dense and de-
tailed range-intensity measurements according to its operating resolution. In
other words, radar intensity measurements are provided for every selection of
range and bearing around the sensor. Given the considerable amount of noisy
measurements and the high amount of information, filtering and creating light-
weight representations for real-time localization is investigated in this thesis.
Specifically, the thesis explores interpreting measurement sweeps as a set of
sparse oriented surface points, which serves as an accurate and compact con-
densation of radar sweeps, and is suitable for efficient localization. These effi-
ciency and noise considerations are essential for enabling the promising radar
modality to be used as a primary source of localization.

In addition to radar interpretation, estimating radar odometry involves scan
matching (or registration), local mapping, and considerations of the motion
kinematics and sensing principles of the mechanically spinning radar. These

"https://tinyurl.com/SpinningRadarData
thtps://tinyurl.com/RadaerLidar
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Figure 1.2: A visual comparison between lidar and radar. Range-intensity mea-
surements are visualized in color (lidar) and grayscale (radar), on top of a black
background (left), and on an overhead image (right).

aspects are studied with the aim of robustness and low drift, for accurate map-
ping of new previously unseen environments.

1.2.2 Localization quality self-assessment

Additionally, this thesis aims to explore self-assessment of localization quality
for improving localization robustness. [Paper V-VI] study localization quality
self-assessment in an isolated context. In contrast, [Paper VII] and [Paper VIII]
integrate localization quality assessment into full-fledged methods for SLAM
and localization in prior maps, and consequently, improve robustness.

Localization quality is explored from multiple perspectives. In [Paper VI],
the quality of localization is assessed and represented as a likelibood, i.e. a
single scalar. The quality is assessed between a point cloud pair that is expected
to have been aligned by the localization system. In this context, the quality
represents the likelihood of points being correctly aligned, or as assumed to
be analogous, a pose estimate being successful. [Paper VII| fuses the previous
alignment quality with other sources that are suitable for assessing loop closure
quality. Similarly, the loop quality assessment is represented as the likelihood
of correct alignment, although it is applied specifically for verifying that loop
closures are correct.

Another formulation of localization quality is adopted in [Paper VIII]. In
the article, the prediction of localization quality is learned and represented as a
pose with uncertainty, that is, a pose distribution. The prediction, or quality, is
then leveraged during the integration of corresponding global pose estimates to
improve robustness. Both these representations, i.e. the scalar likelihood, and
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Figure 1.3: A visual comparison of sensors’ resiliency to dust. Range-intensity
measurements are visualized for lidar (top image, in color) and radar (top,
grayscale). The lidar cannot penetrate the dust, caused by a nearby machine
that performs a brushing task. The lidar outputs a cloud of point cloud of false
detections in close proximity to the sensor. Follow the QR code or click the link
in the footnote for a video visualization.
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the distribution, have advantages and are used for different tasks within this
thesis.

In summary, the thesis aims to improve the algorithmic robustness of these
previously mentioned subtasks and integrate these techniques into reliable and
safe methods for SLAM in diverse environments and for localization in previous
maps.

1.2.3 Limitations

Today, there exist multiple types of radar, including spinning automotive, SoC,
and 4D radar, of which some provide Doppler information to measure the
speed of objects. Each radar type poses its own challenges and opportunities
for various applications. For an overview of the various types, the reader is re-
ferred to literature survey articles [55, 113]. The radar considered in this thesis
is a spinning radar without Doppler information.

6 ‘ Daniel Adolfsson 1.2. Problem statement



1.3 Research questions

Based on the objectives of this thesis, the following research questions were
formulated.

RQ1:

RQ2:

RQ3:

RQ4:

How can radar data be efficiently filtered and represented for robust
radar odometry?

Spinning radar has great range, accuracy, and detail level. However, it
produces a large amount of data with challenging noise characteristics.
Hence, for efficient and accurate localization, data needs to be filtered
and processed into a lightweight representation that is suitable for the
task. Processing range data is currently an important focus in radar lo-
calization research and requires that quality is maintained over diverse
environments without model or parameter changes.

This question is addressed in [Paper I-IV].

How can accurate and robust odometry be achieved with radar?
Radar-based odometry requires algorithmic robustness within diverse,
possibly feature-poor environments (with varied scales) while maintain-
ing consistently high accuracy. This necessitates consideration of numer-
ous aspects, including initial filtering and processing, but also scan- and
map representation, registration, and sensor fusion.

This question is addressed in [Paper I-IV,XII].

How can localization quality be assessed and leveraged for robust de-
tection of localization failures?

Introspective self-assessment of localization quality is crucial for safe nav-
igation. Failures need to be prevented or detected and recovered from.
Since pose estimation commonly relies on point cloud registration, eval-
uating alignment quality — after the alignment of point clouds — could
provide a means to assess localization quality. This research aims to in-
vestigate how and to which extent alignment quality can be assessed and
utilized to detect point cloud misalignment, and in turn, detect localiza-
tion failures. This question is addressed in [Paper V-VI].

How can self-awareness of localization quality be utilized to enhance
the robustness of a localization system? Localization quality needs to be
leveraged by the localization system to improve its robustness. This thesis
investigates the use of quality assessment for global localization within
prior maps, and for radar SLAM by enhancing loop closure verification.
This question is addressed in [Paper VII, VIII].

Chapter 1. Introduction Daniel Adolfsson ‘ 7



1.4 Thesis contributions

The most important contributions of the appended articles are listed below.

1. A robust, efficient, and accurate real-time pipeline for radar processing
and state-of-the-art radar odometry estimation that generalizes across
environments. A detailed ablation study gives insight into the most im-
portant aspects of radar odometry. A sensor fusion approach is presented
which integrates an external source of odometry with uncertainty into
registration, hence achieving robustness within highly feature-poor envi-
ronments. [Paper I-IV,XII| and contributes to RQ1 and RQ2.

2. A method for fault detection in lidar and radar localization that general-
izes across environments. Localization quality is assessed from alignment
quality that is sensitive to small misalignments. This is addressed in
[Paper V-VII] and contributes to RQ3.

3. A framework for introspective and accurate real-time radar SLAM that
generalizes well across environments. The framework integrates a novel
unified loop-retrieval and verification module that combines multiple sources
of information to improve loop quality assessment for highly robust loop
closure. This is addressed in [Paper VII] and contributes to RQ4.

4. A hybrid metric-topological localization framework that improves lo-
calization utilizing specialized submaps. The proposed technique groups
nearby measurements into a set of submaps. During localization, the
robot selects the most suitable submap from the current robot’s per-
spective. The evaluation shows that a set of local maps is preferred to
a single monolithic map for accurate pose tracking. This is addressed in
[Paper X,XI] and contributes to pose tracking more generally.

5. A method for rapid global localization in large-scale environments by
integrating localization estimates including measures of uncertainty — ac-
quired from deep Gaussian pose regression — together with Monte Carlo
localization, via importance resampling. This is addressed in [Paper VIII]
and contributes to RQ4.

1.5 Paper summary

The following section summarizes the articles included in this thesis.
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Figure 1.4: Overview and demo of CFEAR radar odometry

1.5.1 Abstract of Paper I-1lI

Papers I-IIl propose “CFEAR radar odometry” (see Fig. 1.4 @3), a method
for spinning radar odometry estimation in diverse large-scale environments.
CFEAR processes radar data into a lightweight representation for efficient and
accurate registration. Motion is estimated by register the latest scan to a his-
tory of previous scans jointly. [Paper III] provides an ablation study that quan-
tifies the importance of each component in the odometry pipeline, including
radar filtering, surface point resolution, registration cost, loss function, lo-
cal keyframe history, weighted surface point estimation, weighted correspon-
dences, and motion compensation. Contributions include:

e A pipeline for radar processing (detailed on Fig. 2.3 @3*), for efficient
state-of-the-art odometry estimation.

¢ A thorough ablation study that quantifies the importance of components
included in the processing and odometry pipeline.

¢ An evaluation that quantitatively demonstrates how well the method gen-
eralizes across environments. Multi-keyframe registration and residual
quality weighting play important roles in robustness within feature-poor
environments, while generalizing better to new environments.

e Dataset, C++ code, and evaluation have been released to the community.

Shttps://tinyurl.com/CFEARDemoT- R0
“https://tinyurl.com/CfearOverview
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Figure 1.5: Left: Estimated odometry, and filtered radar data using the proposed
method “BFAR”. Right: Operating principle of BFAR.

1.5.2 Abstract of Paper IV

[Paper IV] presents BFAR — a detector for filtering FMCW radar data pre-
sented in Fig. 1.5. Filtering of radar data is considered challenging for applica-
tions with autonomous ground vehicles, due to its heterogeneous and context-
dependent noise characteristics. The classical radar filter Cell Averaging Con-
stant False Alarm Rate (CA-CFAR) operates by adaptively estimating the noise
level, from which a landmark can be distinguished. BFAR extends CA-CFAR by
applying an affine transformation on the adaptive noise level, thus combining
fixed and adaptive filtering. The fixed noise level can be tuned or learned from
data. BFAR has been evaluated on the task of radar odometry, replacing the
default k-strongest filter from the CFEAR pipeline in Papers I-III" (the version
of CFEAR presented in [Paper II]). Evaluation demonstrated an improvement
with 12% reduced drift. The insight that a combination of adaptive and fixed
estimation of background noise level is preferred over fully adaptive, is in line
with the finding in [Paper III] (Sec IV.A.1).
To summarize, [Paper IV] present the following contributions:

* A novel radar target detection method named “BFAR” that improves the
detection of features useful for radar odometry.

¢ An evaluation demonstrating the effectiveness of BFAR in the radar
odometry pipeline “CFEAR” with an improvement in odometry quality.

10 ‘ Daniel Adolfsson 1.5. Paper summary
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Figure 1.6: Left: per-point differential entropy. Middle: principle of CorAl
alignment quality assessment.

1.5.3 Abstract of Paper V-VI

[Paper V-VI] presents CorAl @8°. The name CorAl comes from are the point
clouds correctly aligned?. CorAl is a method for fault detection within lidar
and radar localization systems. Fault detection in localization is formulated as a
misalignment problem, following point cloud registration. If misalignment can
be detected between point cloud pairs, it is an indication that a failure has oc-
curred. This principle can be applied at various stages in a localization pipeline,
e.g. during loop closing — after registering a scan with a potential loop candi-
date, or during pose tracking — to consecutively aligned scans, or between scan
and map when localizing in prior maps. CorAl makes use of dual per-point
differential entropy measurements, before and after joining the pair of scans
as depicted in Fig. 1.6. These dual measurements can be used to classify mis-
alignment and highlight segments where misalignment is evident. The decision
boundary between aligned and misaligned point clouds is automatically learned
from a set of aligned point cloud pairs. The evaluation shows that CorAl excels
at detecting small misalignments. Additionally, CorAl can be tuned for classifi-
cation in multiple environments jointly and even generalize well to new unseen
environments. The contributions are:

e A simple and intuitive measure of alignment correctness.

¢ A method for classification of alignment correctness which generalizes
across environments without retraining.

e Automatic learning of classification from aligned point clouds.

¢ An ablation study that investigates how practical aspects such as distance
and error magnitude affect performance.

Shttps://tinyurl.com/CorAl-demo
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Figure 1.7: Verification of loop constraints within TBV Radar SLAM.

1.5.4 Abstract of Paper VII

Robust and safe SLAM requires fault detection and awareness at multiple
stages, from sensing and odometry estimation to loop closure. [Paper VII]
presents TBV (Trust But Verify) Radar SLAM, a method that explores the inte-
gration of robustness for large-scale radar-only SLAM. TBV is briefly presented
here @3°, with the full system demonstrated in Fig. 1.7 @7,

TBV combines the dust and precipitation-resistant radar modality, together
with robust odometry estimation ([Paper I-IIT]), and a loop closure module that
introspectively checks loop candidates. A high rate of correct-loop-retrievals
with rare false positives is achieved, making SLAM both accurate and safe. Key
to the results is the introspective evaluation of loop closure candidates. The
evaluation combines an analysis of place matching quality, an alignment ver-
ification (based on [Paper V-VI]), and accordance with odometry uncertainty.
TBV Radar SLAM achieves state-of-the-art performance with 64% reduced
trajectory error while generalizing to substantially different environments. In
summary, the following contributions are presented.

¢ A combination of techniques for a high level of correct loop retrievals.

* A loop verification step that retrieves, registers, verifies, and selects be-
tween multiple candidates for robust and safe loop closure.

®https://tinyurl.com/TbvIros23Short
"https://tinyurl.com/TBVRadarSLAM
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e A framework for radar-only, real-time SLAM in large-scale environments
that extends the state-of-the-art, and generalizes across environments with-
out the need to change parameters.

Chapter 1. Introduction Daniel Adolfsson ‘ 13
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Figure 1.8: Overview of global localization using “Localizing faster”

1.5.5 Abstract of Paper VilI

[Paper VIII] proposes a novel approach for global localization in large-scale
environments. Classical map-based localization methods such as Monte Carlo
Localization (MCL) have demonstrated the feasibility of accurate and robust
localization in prior maps, but become intractable for large-scale environments.
However, recent learning methods can rapidly estimate the 6-DOF pose albeit
at a lower level of accuracy. This article proposes a system that combines fast
learning-based localization with accurate MCL - thus achieving both fast and
accurate localization. Specifically, the learning method estimates a pose distri-
bution (using only a bird’s-eye view image) using Gaussian process regression
with a deep kernel. The pose distribution is used to seed MCL during each im-
portance sampling step. The particle weights are calculated based on a scan-to-
map alignment within a topological localization system (see [Paper XI]). The
pose particles in MCL are then refined iteratively. Experiments demonstrate
that a localization accuracy of 0.75 m can be reached within 1.94 s (median of
0.8 s) in a large-scale environment of approximately 0.5 km?.

The article, which is demonstrated in Fig. 1.8 3%, presents the following
contributions:

e A hybrid deep one-shot / Monte Carlo localization framework for fast
and smooth global localization in large-scale environments.

e Integration of rough pose distribution estimates into a localization sys-
tem. This is done by sampling particles from the pose distribution that
are integrated into MCL. The notion of localization uncertainty (pose
distribution) allows for faster and more reliable localization.

e A deep non-parametric model for estimating the distribution of global
6-DOF pose from range data.

$nttps://tinyurl.com/LocalisingFaster
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Figure 1.9: The proposed method NDT Transformers condenses a 3d point
cloud into a fixed-size NDT representation from which place recognition is
learned. Left (in gray): Raw point cloud within an urban street scene, Center
(in blue): Fix size NDT set that effectively retains the geometric features within
the scene. Center (in red): NDT cells that contain redundant geometrical infor-
mation are removed using the proposed algorithm.

1.5.6 Abstract of Paper IX

3D point cloud-based place recognition is a crucial component of lidar-based
SLAM systems and is highly demanded in autonomous driving within large-
scale GPS-challenged environments. [Paper IX] presents “NDT-Transformer” —
a method for learning place recognition from 3d point clouds. The method is
demonstrated in presented in Fig. 1.9 @°. The proposed approach employs a
3D Normal Distribution Transform (NDT) representation to condense the raw,
dense 3D point clouds into probabilistic distributions (NDT cells), providing
the geometrical shape description. The NDT-Transformer network then learns
a global descriptor, from a set of 3D NDT cell representations, enriched with
both geometrical and contextual information. Descriptor retrieval is achieved
through a query database for place recognition. The evaluation shows that
NDT-Transformer scores a 7.52% improvement in average top 1 recall and
2.73% in average top 1% recall on the Oxford Robotcar benchmark. The
combination of NDT representation and NDT-Transformer network enables
the learned global descriptors to have a better representation of both geometri-
cal and contextual information. The main contributions are:

¢ A computationally efficient method for large-scale point cloud recogni-
tion. The proposed method condenses a 3D point cloud into a fixed-size
NDT representation, such that geometrical features are preserved.

¢ A neural network architecture named: “NDT Transformers” learns global
descriptors with contextual clues from the NDT representation.

‘https://tinyurl.com/NdtTransformersPresent
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Figure 1.10: Green: Monolithic map of the environment. The center wall be-
tween the corridors is imprecisely mapped, with high uncertainty (inflated el-
lipsoids). Red/Blue: The same environment is mapped using two submaps, cen-
tered on each side of the center wall. When the wall is mapped once from each
side, the mapping uncertainty is greatly reduced (flat ellipsoids), and localiza-
tion is consequently improved.

1.5.7 Abstract of Paper X-XI

Precise localization requires highly accurate geometric maps of the environ-
ment. A challenge with monolithic voxel-based map representations is that the
expressiveness of the map is limited by the resolution and that integration of
measurements from different perspectives introduces imprecisions, thereby re-
ducing localization accuracy. [Paper X-XI] present SuPer (Submap per Perspec-
tive) — an extra map pre-processing step which runs after SLAM for improved
localization accuracy. SuPer uses a pose graph to compute a hybrid metric-
topological (HMT) map, i.e. a set of local submaps. Each submap represents
the environment as observed around its origin, thus alleviating the impreci-
sions and the need for a lower map resolution. After preprocessing, the robot
navigates and selects the submap that best explains the environment from its
current perspective. The proposed method was evaluated on real-world and
simulated data from an industrial scenario. The results demonstrate signifi-
cantly improved localization accuracy, with up to 46 % improvement compared
to localization in global maps and up to 25% better compared to alternative
submapping approaches. The following contributions are presented in the arti-
cles.

e An insight into the challenge with monolithic maps, and an evaluation
that demonstrates that: for localization, a set of smaller local maps is
preferred over a single monolithic map.

e A strategy for clustering scans into submaps that outperform the com-
monly adopted incremental submap strategy.

o A fast submap selection strategy that retries the submap that best fits the
current perspective of the robot.

16 | Daniel Adolfsson 1.5. Paper summary



Figure 1.11: Localizing in feature-poor environments with range measurements
is challenging and requires careful fusion of external motion estimates.

1.5.8 Abstract of Paper XII

In robotics navigation, point cloud registration is essential for the robot to
track its pose. Pose tracking can be improved by the use of additionally avail-
able sources of ego-motion estimates, such as wheel odometry. This is often
done by using the ego-motion estimate to predict an initial alignment for point
cloud registration, or by fusing the two separate sources based on maximum
likelihood estimation. [Paper XII| describes an improved strategy for incorpo-
rating ego-motion estimates (with uncertainty) into point-cloud registration.
This is done by penalizing solutions during alignment optimization, which
violates ego-motion uncertainty. As a consequence, registration robustness is
greatly increased, especially within feature-poor and self-similar environments
where previous fusion strategies are likely to fail. The experimental evaluation
demonstrates a significant improvement in accuracy within ambiguous robotics
working scenarios, including an industrial production site and warehouse envi-
ronments. In summary, the presented contribution is:

e A method for incorporating ego-motion uncertainty measurements into
point cloud registration for improved robustness in pose tracking within
feature-poor environments.
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Chapter 2
Radar interpretation and
odometry estimation

A fundamental challenge to achieving robust localization is the interpretation of
sensor data and the creation of suitable representations. This chapter discusses
the interpretation and creation of radar data representations with a primary
focus on odometry estimation — a key challenge in localization. The represen-
tations presented in this chapter are, however, not only suitable for odometry.
For example, the articles presented in chapter 3 make use of the proposed rep-
resentations for usage in radar fault detection, loop closure and SLAM.

2.1 Related work — radar filtering and representation

Radars’ resilience to adverse conditions brings favorable properties for robust
localization, which has motivated localization and mapping research in various
directions. Some directions include target detection [73], mapping [70, 105]
to distinguish between free and occupied spaces, and place recognition [46, 52,
60], SLAM [60, 101] and odometry estimation [32, 41, 106, 111].

The research topic of target detection, i.e. distinguishing true objects from
background noise, dates back more than half a century. CA-CFAR was proposed
in 1968 by Finn and Johnson [51], and since then, more than 25 variants have
been proposed [73], including OS-CFAR and GO-CFAR [86]. Recent work
where Constant False Alarm Rate (CFAR) has been applied to robotics local-
ization has found that CA-CFAR is hard to tune and sensitive to different envi-
ronments [40, 41].

Interpreting radar data for localization is generally considered challenging,
largely because of the complex noise characteristics inherited from the radar
modality in interaction with the environment. Interestingly, unfiltered radar
data has — under some favorable conditions [65] — been successfully used for
place recognition. On the contrary, radar odometry estimation has little to gain
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by leaving the filtering step out [9, 106] due to reliance on landmarks being
consistent from different viewpoints. For that reason, previous work on radar
odometry and pose tracking has largely focused on filtering and creating repre-
sentations that are suitable for registration.

Representations used for pose tracking can be categorized as dense or sparse.
Dense representations keep the original polar or Cartesian representation [135,
23, 81, 106]. This allows for modeling of both free and occupied space and re-
taining the detail level in the original data. Sparse methods [31, 40, 41, 59, 60]
on the other hand attempt to extract lightweight point sets from the data for
computationally efficient tracking. Some of these additionally compute per-
point descriptors [21, 32], normals [5, 33, 101] or distributions [5, 69].

Previous methods for radar odometry extract features from regions with
high intensity and low gradient [40, 41], from corner regions [60], or from
regions with high intensity compared to fixed [69, 79] or adaptive estimation
of noise level [33]. Some operate in two stages [33, 69, 101] by computing the
surface normal or distribution after initial filtering. Feature extraction in two
stages is adopted in this thesis.

Some methods circumvent the need for human expert knowledge to for-
mulate the extraction or filtering criteria by instead relying on deep neural
networks to learn the filtering of raw data [15, 23, 106], extraction of fea-
tures [21, 32], or prediction of occupancy [70, 105]. Although recent work
has demonstrated that extraction can be learned without the need for ground
truth labeling [32], the learning-based approaches have required a significant
amount of data [23, 32, 106]. The processing technique in state-of-the-art radar
odometry, which is presented in [Paper III], does neither require learning nor a
significant amount of data, and generalizes to diverse environments without the
need of retuning parameters. It is however unknown if, or to what extent, ex-
isting learning-based methods for filtering or extraction could provide further
improvements to non-learning odometry pipelines such as the one presented in
this thesis.

Finally, the discussion of noise suppression for pose tracking could ben-
efit from a registration or mapping perspective, which may integrate further
noise suppression techniques. For example, noise can be suppressed during
registration with outlier rejection techniques, including graph theoretic ap-
proaches [40, 41, 59, 60], correspondence weighting [21, 40, 41] and robust
loss functions. In the mapping stage, landmarks can be refined sequentially over
a series of scans. Consistency of landmarks, that appear in multiple scans, has
been utilized for online removal of false (inconsistent) landmarks [101], and for
generating training data for learning of filtering [15].
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2.2 Proposed methods for radar filtering

This section presents the radar filtering techniques k strongest and BFAR,
proposed in [Paper I-III] and [Paper IV] respectively. These methods are in-
tended as a first initial filtering step before creating representations that are
more suitable for odometry. In addition to filtering, the purpose is to drop the
dense raw representation — that additionally incorporates free space informa-
tion as depicted in Fig. 1.1 — in favor of a sparser point cloud representation.

Both methods operate on azimuths independently for efficient processing.
Additionally, these methods build on the insight that false landmarks generally
appear at lower intensity levels, as pointed out by Kung et al. [69]. For that
reason, the methods integrate fixed thresholding as part of their detection crite-
ria, which is sufficient to filter a large portion of the noise present in the range
data. Specifically, most speckle noise and weaker multipath reflections appear
with lower intensity and can be removed accordingly.

2.2.1 Filtering with k strongest

k strongest was designed as a lightweight and learning-free method for target
detection. The filter complements the thresholding of static intensity (z; : z; >
Zmin) by bounding the number of output detections to a maximum of k ranked
according to intensity. This ensures the mitigation of stronger multipath reflec-
tions and saturated receiver returns, which appear with consistently high in-
tensity. Despite the bounding, the filter generally provides an ample amount of
detections for odometry estimation. However, challenging cases include observ-
ing walls with high incident angles. In such cases, multipath reflections appear
with higher intensity compared to true landmarks, and additional context is
required to correctly filter reflections.

This detection criterion can be implemented with computational efficiency
and provides sufficient detections for odometry estimation. Additionally, bound-
ing the number of detections speeds up later stages of the localization pipeline
and improves overall efficiency.

2.2.2 Filtering with BFAR

The proposed filter BFAR was designed as a combination of fixed and adap-
tive CA-CFAR target detection. In contrast to k strongest, BFAR does not limit
the size of the output detection set, and allows for the detection of additional
landmarks. In contrast to k strongest, the intensity level that surrounds a target
landmark, i.e. neighboring cells in the range-intensity signal, is used to adap-
tively estimate the background noise level in addition to the fixed. This results
in a more fine-grained detection even at local maxima with slightly lower inten-
sity levels, resulting in improved odometry. The implementation is however less
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(a)

Figure 2.1: The procedure of computing oriented surface points. (a) Points are
inserted into a grid of cell size v/f. For each grid cell with points, the sample
means and covariance are computed from all nearby points within a radius r of
the cell centroid. (b) Sample covariance is used to estimate the direction of the
surface normal. The final representation is shown in (c). Additional details are
presented in (d).

efficient compared to k strongest, but real-time capable. Which filter to select
depends on the application. More details are provided in [Paper II-IV].

2.2.3 Parameters and generalization

Both filtering methods depend on multiple parameters. Radar filtering param-
eters have previously been reported to be challenging to tune, particularly in
different environments [40, 41]. For that reason, an ablation study was car-
ried out (in [Paper III]) that investigates how parameters affect both drift and
computational time. The study concluded that k strongest is largely insensitive
to the selection of parameters, particularly with respect to CA-CFAR — which
was included as a reference. BFAR, on the other hand, is more sensitive com-
pared to k strongest, but less sensitive compared to CA-CFAR (as concluded in
[Paper IV]).

For the application of odometry, which typically runs with limited prior
knowledge of the target environment, the filtering needs to operate robustly
without parameter changes. For that reason, a Spatial Cross-Validation (SCV)
was carried out to observe how the parameter impacts drift within new unseen
environments. In the study, the impact of numerous parameters was investi-
gated, including the parameters of k strongest. Further details of this study are
given in Sec. 2.5.4. To summarize the findings, the approximate same set of pa-
rameters was optimal for multiple environments and provided low drift. These
results indicate the feasibility of robust filtering in a range of environments.
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Figure 2.2: Radar data after filtering (green) and computing set of oriented
surface points (black). Surface points are scaled according to planarity. Longer
arrows indicate that the surfaces are more planar.

2.3 Radar representation - Oriented surface points

After having applied filtering as described in Sec. 2.2 to remove noise and keep
significant points, the point cloud is further condensed into a sparser set of
oriented surface points. Each oriented surface point contains a surface location,
an estimated surface normal, and a landmark descriptor. This representation
provides a compact summary of the filtered point set and can be utilized for
efficient and accurate odometry. Specifically, a grid-based approach is used to
compute intensity weighted distribution from points in nearby occupied grid
cells. From the distribution, an oriented surface point is extracted from the
surface location (mean) and surface normal (smallest Eigenvector). In addition,
measures of planarity and sample size are kept with oriented surface points to
aid in the association of correspondences during registration. An overview of
the method is presented in Fig. 2.1 @'. An example of an oriented surface
point set computed within a city environment from the Oxford dataset [22] is
shown in Fig. 2.2.

With an exception to the work by Kung et al. [69] — which was published in
close time proximity to [Paper II] — surface normal or distribution was not ex-
plicitly modeled in contemporary sparse methods on radar odometry. Instead,
these methods commonly attempt to detect landmarks that are stable in two
directions [21, 40, 41]. Computing a sufficiently large set of such landmarks

"https://tinyurl.com/RadarFiltering
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is challenging, although the need can be alleviated by a careful design of the
registration cost function as discussed in [Paper III].

The benefit of modeling the surface normal or distribution, in terms of
precision and robustness, was evaluated for the estimation of odometry in
[Paper III], the alignment classification in [Paper VI], and for both the registration
and the classification of the loop in [Paper VI]. In summary, the usage of the lo-
cal point distribution allows for more accurate registration with less dense sets
and for improved alignment classification. Furthermore, experiments carried
out in [Paper Ill] demonstrate that considering surface normal is integral for
robust odometry in feature-poor environments. The normals capture subtle but
important geometrical variations in the scene and allow for later point cloud
registration by minimizing distances in the direction in which the landmarks are
stable. However, in addition to filtering and data representation, a range of ad-
ditional factors play a critical role in robust odometry. Previous work — related
to other aspects except filtering and feature extraction which were covered in
Sec. 2.1 — on radar odometry is presented in the next section.

2.4 Related work — radar odometry estimation

The estimation of radar odometry has gained increasing interest in recent
years [1], especially with improved sensor quality, the release of a series of pub-
lic data sets [22, 34, 65, 95] and well-established benchmarking criteria [53].

Methods for spinning radar odometry can be categorized depending on
whether sparse or dense representations are utilized in the registration. Note
that the radar representations, filtering, and feature extraction were explicitly
discussed in Sec. 2.

Sparse methods estimate odometry by registering feature sets [15-17, 21,
31, 32, 40, 41, 59, 60, 69, 72, 92, 101, 111], via RANSAC [31] or by mini-
mizing the sum of (weighted) point-to-point, or point-to-distribution distances,
over a correspondence set. The correspondences are found through the nearest
neighbor search, by finding inliers through consistency graphs [59, 60], using
motion constraints [17] or using RANSAC [31]. An important advantage of
matching sparse representations is that efficiency can be retained at the original
sensor resolution without the need for downsampling. However, performance is
largely affected by the correspondence and minimization criteria. An extensive
discussion on this topic is presented in [Paper III].

Dense methods, on the other hand, register scans — without the explicit need
to find correspondences — by maximizing image correlation [23, 43, 81, 106]
using the Fourier Mellin transform [85]. On one hand, the formulation is
inherently well-suited for spinning radar as it utilizes information from the
full sweeps. Unfortunately, the computational need scales poorly with sensor
resolution and may require downsampling for sufficiently fast online usage.
Although some work has been focused on improving the efficiency of dense
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registration [81, 106], current methods run at a significantly slower speed com-
pared to sparse methods for point set registration. This is important as local-
ization methods are designed with a trade-off between speed and performance,
and computational resources may be scarce in autonomous systems.

An important source of recent advances has been the accounting of motion
distortion [17, 31, 59, 60, 101, 111]. The effect is caused by the relatively low
spinning rate of current spinning radars (commonly 4 Hz), especially compared
to lidars which generally run at a faster rate(commonly 10-75 Hz). Finally,
some methods perform estimate odometry by registering the latest scans to
multiple [92], or to a local submap [58, 101, 111]. While automotive radar
methods adopt this technique to overcome sparsity [58, 69], the advantages
apply similarly to sparsely extracted feature sets. In summary, numerous aspects
of radar odometry have been considered. The next section presents a method
that integrates these techniques (presented in this section) for highly robust
radar odometry. The impact of these techniques is thoroughly quantified in
[Paper IIT].

2.5 CFEAR radar odometry

Article [Paper I-III] investigates a pipeline for sparse and efficient radar odometry.
An overview of the system is presented in Fig. 2.3. The pipeline can be separated
into three parts:

1. Computing of CFEAR features, which filters range data (see Sec 2.2),
computes oriented surface points (as previously discussed in Sec. 2.3),
and compensates for motion distortion. The motion compensation uses a
constant velocity model and timestamp of each measurement to deskew
the filtered range data by applying a non-rigid transformation. The ab-
lation study in [Paper III] confirmed the validity of the constant velocity
model.

2. Local mapping, which stores historical keyframes for registration.

3. Registration, which estimates motion by aligning sets of oriented surface
points. Registration minimizes a surface points distance metric. Residuals
between surface points are scaled by a robust loss function and weighted
according to correspondence quality. Correspondences are found between
the latest scan and a set of previous keyframe scans. A starting point for
registration is provided by a constant velocity model.

One of the key contributions is the registration cost function, which jointly reg-
isters the current scan with multiple keyframe scans. This technique improves
drift, pose accuracy, reduces bias, and enhances robustness to changes in the
environment.
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The evaluation presented in [Paper III] quantifies performance in terms of
drift and accuracy. Note that, pose accuracy (Relative Pose Error (RPE)) is
measured between consecutive poses, while drift is measured over longer dis-
tances [53]. For that reason, drift is a preferred measure of robustness, as even
infrequently occurring failures (i.e., large errors in position or orientation) have
a large impact over longer distances. Therefore, our evaluation of robustness
and generalization is based on measurements of drift rather than pose accuracy.

2.5.1 Cost function and keyframes

When [Paper I-IT] were designed, previous sparse methods for 2D radar
odometry relied on the minimization of point-to-point distances and did not
attempt to utilize estimates of surface normal or distribution for registration.
For that reason, the work took inspiration from lidar localization research,
where minimization registration in the direction of the estimated surface nor-
mal [44, 88], or distribution [27, 74] has been a successful technique for lo-
calization and mapping [24, 89, 94, 110, 115]. For that reason, a point-to-line
cost function for minimization was adopted in [Paper I] when registering the
latest scan to a single previous keyframe scan. With a single keyframe scan,
the point-to-normal distance minimization was found to be significantly more
accurate and less sensitive to sparsity compared to the point-to-point distance.
Later in [Paper III], the ablation study included a characterization of the be-
havior of the cost function (point-to-point, point-to-line, point-to-distribution)
then gradually increasing the number of keyframe scans, starting from a single.
Surprisingly, as the number of keyframe scans was increased, the performance
ranking between these cost functions was reversed, and point-to-point provided
lower drift. The drift decreased strictly as additional keyframe scans were in-
troduced, even up to 50 scans when a mean translation drift of 1.09% was
reached. This interaction between multiple keyframes and cost function was a
surprising discovery.

After the publication of [Paper II], more recent work has moved toward
omitting the point-to-point cost functon in favor of point-to-normal [101] or
point-to-distribution [111], and toward using cost functions with multiple
keyframe scans [92] as presented in [Paper II-III].

2.5.2 Evaluation datasets

The proposed radar odometry method-as well as other methods for fault de-
tection and SLAM presented in later sections—was evaluated on the datasets
presented in Fig. 2.4. The datasets are: Oxford Radar RobotCar Dataset [22],
MulRan [65], and the sequences VolvoCE, Kvarntorp and Orkla from the di-
verse ORU dataset [9]. These datasets include a spinning radar used through-
out the work of this thesis. Fig. 2.4.(a-c) are part of the Diverse ORU dataset
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published together with [Paper III] [9]. In that dataset, three sequences from
substantially different environments were recorded, corresponding to different
real-world industrial scenarios. The first sequence (Fig. 2.4.a) was recorded on
a test track for work machines and autonomous vehicles within a forest en-
vironment, driving a wheel loader, with a radar mounted on the roof, over a
distance of 1.6 km. The second sequence was recorded in an underground mine,
driving a car with a roof-mounted radar over 1.2 km through partly feature-
poor environments. The third sequence was recorded in an indoor warehouse,
navigating a forklift with radar over a distance of 200 m through aisles with
shelves.

The Oxford and MulRan datasets are publicly available radar datasets with
ground truth positions. Oxford contains repetitions of a single route within
strictly urban settings. The MulRan dataset includes variations of sequences
in mixed environment types, including less structured environments with open
fields and bridge crossings.
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Figure 2.4: Radar datasets used for evaluation in this thesis. (a-c): Diverse ORU
datasets [9], including sequences VolvoCE, Kvarntorp, and Orkla. (d): Mul-
Ran [65] with mixed structured/semi-structured sequences. (e) Oxord radar
RobotCar dataset [22] includes repetitions of a route in a structured urban en-
vironment.
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Figure 2.5: Comparative evaluation in the Oxford radar odometry bench-
mark [22]. Methods proposed in this thesis are marked in blue with perfor-
mance as measured by the time of publication. Note that improved versions
of CFEAR-1 and CFEAR-2 with lower drift and higher efficiency were pre-
sented in [9]. The most accurate configuration of CFEAR (CFEAR-3-S50 Of-
fline) achieves the lowest drift (1.09%) among comparable methods for radar
odometry.

2.5.3 Configurations and comparative evaluation

[Paper Il] presents multiple configurations, optimized for efficiency, perfor-
mance, or a balance between these properties. The most efficient configura-
tion in terms of execution time (CFEAR-1) is similar to the initial workshop
paper ([PaperI]). The balanced configuration (CFEAR-2) is similar to the con-
ference paper ([Paper II]). The configuration tuned for performance (CFEAR-3)
is presented in [Paper III]. In the Oxford dataset, these methods run between 44
and 160 Hz, with a drift between 1.31 and 1.71%. Finally, the configuration
CFEAR-3-s50 achieves the lowest drift but is more suitable for offline process-
ing because of the slower update rate. The performance of these configurations
is compared to other methods in Fig. 2.5. The figure compares results in the
public Oxford radar odometry benchmark since the release of the dataset.
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2.5.4 Robustness to feature-poor environments

Improving robustness within feature-poor environments was addressed in
[Paper IIT]. In the Kvarntorp scenario in Fig. 2.4.b, the radar is located within
long, narrow, and feature-poor passages located in an underground mine. The
article presents multiple techniques that enable effortless navigation within that
scenario, including the point-to-line cost function, the weighting of surface cor-
respondences according to matching quality, and the use of multiple keyframes.
These techniques alleviate the issue that the cost function is ill-conditioned in
the longitudinal direction where correspondence quality degrades.

An alternative method to enable navigation within feature-poor scenes is
presented in [Paper XII]. An external sensor, e.g. wheel odometry measure-
ments, provides complementary pose (with uncertainty) measurements in the
longitudinal direction independently of the scene. Integrating such measure-
ments into the cost function—as extra penalizing terms—resolves the
ill-conditioned cost function, and enables navigation even in situations without
features. The method seamlessly shifts the weighting to ego-motion constraints
according to the decrease of features in the scene.

2.5.5 Generalization to new unseen environments

A key requirement of odometry is the property of maintaining low odometry
drift, even during the exploration of previously unseen environments. Prior
to [Paper ], the best-performing methods relied on learning to extract fea-
tures [21, 32] or remove noise [23]. Additionally, previous experiments sug-
gested that the performance of the best-performing method was obtained by
overfitting to the geographical locations over which it was trained [23, 104].
However, it is desired that drift does not increase substantially during navi-
gation within new unseen environments. For that reason, [Paper III] includes
a qualitative study and an extensive Spatial Cross-Validation (SCV) general-
ization study. The SCV study aims to determine how optimal parameters for
one environment affect performance within another environment. The MulRan
and Oxford data sets, visualized in Fig. 2.4.(d-e), were used in the experiments
which included a total of 98 million pose estimates. The conclusion of the SCV
study is that the optimal parameter set in one dataset is near-optimal in the
other dataset. In other words, the benefit of tuning the parameters for the new
target environment, rather than keeping the default parameters, is negligible.
The qualitative generalization study demonstrated that the parameters tuned
in the Oxford environments could be used directly for odometry estimation in
the sequences from the Diverse ORU dataset. Specifically, the odometry quality
was high in the sequences VolvoCE (outdoor forest vehicle test track), Kvarn-
torp (underground mine, partly feature-poor), and Orkla (indoor logistics sce-
nario). The consistently high performance, achieved in highly diverse environ-
ments and over an extended period of time, indicated a high level of robustness.
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However, errors may eventually occur, from which safe recovery is critical
to achieving resilient navigation. The next chapter focuses on the detection of
errors and the integration of failure detection together with CFEAR for robust
radar SLAM.
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Chapter 3
Quality-aware localization and

mapping

This chapter presents a literature overview and novel methods for localization
fault detection and radar SLAM. Sec. 3.2 summarizes Papers V-VI, which pro-
pose a novel method for point cloud-based fault detection in lidar and radar.
Sec. 3.4 discusses the integration of fault detection in radar SLAM for robust
verification of loop closure constraints.

3.1 Related work - localization fault detection

Ascertaining robust localization by quantification of localization quality and by
detecting localization errors has been studied from multiple perspectives. Some
methods use multiple (redundant) positioning systems [78, 98] to detect failures
or additional sensors to learn the detection of errors [16]. The aim of this thesis
is the detection of localization errors, without the need for additional sensors.
Other methods attempt to predict the risk of localization failure by analyzing
scene geometries [80], or, in the event in which the risk is high, plan alternative
navigation routes [39] or disable loop closure [60]. In contrast, the aim of this
thesis is the detection of errors after the registration has been carried out.

One formulation aims to detect localization errors when navigating using
previous maps of the environment [12-14]. The method of Akai et al. [13]
detects localization errors from measurement residuals between the lidar scan
and the prior 2D occupancy maps of the environment. The work was later ex-
tended to 3D using the distance field representation [14]. In their work, range
measurement residuals are not treated independently, and the relationship be-
tween measurements is jointly considered using Markov random fields.

A family of methods computes the alignment quality between registered im-
ages [23] or point clouds [25, 29, 71, 82], with the quality represented as a nor-
mal distribution (covariance matrix). This representation has been used mainly
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for data fusion [61] and SLAM [57], and, to a limited extent, alignment classi-
fication [19]. In contrast, the work carried out in this thesis aims to represent
the alignment quality by a single scalar for the purpose of detecting localization
errors. Specifically, the localization quality is formulated as an alignment qual-
ity assessment (and classification) problem that operates on point cloud pairs.
Alignment quality assessment between point cloud pairs is a broad formulation,
hence enabling applicability to verify different stages in a localization system,
for example, pose tracking, global localization estimates, topometric pose esti-
mation, or loop closure.

A range of methods aims at assessing the quality between pair of point
clouds. The most well-known measure is the Iterative Closest Point (ICP) fitness
score — the sum (or averaged) squared Euclidean point-to-point distances [26,
88]. The measure is commonly used to verify potential loop closures in
SLAM [94]. However, the ICP measure is sensitive to the environment, and pre-
vious studies have shown that the detection of small errors is challenging with
the measure [19, 96]. For this reason, alternative quality measures have been
proposed. Makadia et al. [75] proposed a measure of the consistency of nor-
mals. Almqvist et al [19] proposed measures based on a point-to-distribution
between overlapping NDT cells. Yin. et al. [107] combined point cloud over-
lap, differences between 2D point cloud projections, and normal distribution
parameters for point-to-point and point-to-plane distance. Similarly to Yin et
al. the method presented in this thesis combines multiple complementary mea-
sures within a logistic regression model. Combining multiple measurements
improves generalization as presented in [Paper VI], and reduces sensitivity to
different error magnitudes as discussed in [Paper VII].

Until today, Almqvist et al. presented the most rigorous characterization
of alignment classification techniques using 3D lidar data [19]. The article in-
cludes a study that investigates how methods robustly generalize to unseen en-
vironments. A similar characterization and generalization study is presented in
[Paper VI] for spinning radar.

To this day, the detection of small errors remains challenging. Particularly,
with generalization across diverse environments [19], and with tolerance to
changing overlap conditions. These challenges motivate the novel work pre-
sented in the next section.

3.2 CorAl Introspection

CorAl introspection belongs to the class of alignment quality classification.
CorAl was first proposed for lidar data in [Paper V] and later extended to oper-
ate on radar data in [Paper VI]. For use with spinning radar data, however, an
intermediate point cloud extraction step is required. This step extracts peaks —
computed from the initial filtering step presented in the previous section — that
are more suitable for alignment classification.
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Figure 3.1: Principle of CorAl quality measure

The principle of the CorAl quality measure is demonstrated in Fig. 3.1.
The method takes inspiration from the Mean Map Entropy (MME) quality
measure [49, 84|, which has been used to evaluate point cloud refinement.
MME measures averaged per-point differential entropy — a measure of spread,
or uncertainty, from points sampled within a radius. The metric, which can be
seen as a quantification of the overall crispness in a point cloud, varies signifi-
cantly across environments. CorAl additionally estimates the separate entropy
The separate entropy can be seen as the crispness owed to the scene itself, be-
fore merging the point cloud pair. As depicted in Fig. 3.1, the separate entropy
is subtracted from the MME. Thus, obtaining a new environment-insensitive
quality measurement, which is instead sensitive to point cloud alignment qual-
ity. For classification, the subtraction of these two measures is instead replaced
with a linear combination where coefficients are learned inside a linear regres-
sion classifier. This reduces the already high bias of the classification model.

3.2.1 Training phase

Training data for CorAl are generated by computing alignment quality mea-
sures before and after applying a rigid alignment offset between scan pairs.
This process is repeated for a set of scan pairs and allows for generating train-
ing data from ground-truth pose estimates or odometry. The training process is
visualized in Fig. 3.2 @',

3.2.2 Generalization of detection

Part of the results of the generalization studies in [Paper V-VI] is presented in
Fig. 3.3. The study learns the model parameters for classification in one envi-
ronment and evaluates them in the other and vice versa. An interesting finding
in the evaluation was the consistently high rate of CorAl classification, even

"https://tinyurl.com/CorAlTraining
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Figure 3.2: Training phase of CorAl which uses scan pairs with corresponding
ground truth or estimated poses. The CorAl measures (and training labels) are
obtained for both aligned scan pairs (a) and intentionally misaligned scan pairs
(b). This process is repeated for misalignments with varied translations and
rotations — to reflect that localization errors may have varied characteristics.

when operating in new environments outside of the training set. The gener-
alization characteristics were similar for both lidar and radar throughout this
study. Specifically, the level of generalization was higher when training in less
structured areas and testing in more structured environments. On the contrary,
generalization was lower when training in more structured environments and
testing in less structured environments. By training on data from both struc-
tured and unstructured environments, it was possible to find a model that is
jointly accurate in structured, semi-structured, and unstructured environments.
Thus, a higher level of generalization can be ensured with less structured and
more diverse data in the training set.
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Figure 3.3: Classification of small localization errors (0.5 m) and generalization
to new unseen environments.

3.2.3 Different error characteristics

The study in [Paper VI] shows that alignment classification remains challenging.
In line with previous research, the study confirms that detection is challenging
for small errors, and with lower overlap. Additionally, quantitative and quali-
tative experiments showed that it is difficult to determine which level of error is
acceptable. For example, vibrations from uneven ground or wheels can intro-
duce non-rigid distortions in the scans, which are reflected in the CorAl score
and, accordingly, challenge alignment classification — even with the best possi-
ble rigid alignment between the scans. Rejecting distorted scans is clearly the
desired behavior for visual reconstruction of environments (i.e. SLAM) where
the resulting map should be cleanly created from non-distorted scans. How-
ever, for robot navigation, it can be sufficient to determine if the current pose
is correct with a higher level of acceptance for distortions.

A weakness of the CorAl measure from [Paper V-VI] is the choice of radius
required to compute per-point differential entropy. It is generally hard to find a
radius that works well for very different error magnitudes, which is essential,
as the error characteristics are not known in advance. When adapting CorAl
to loop closure classification as presented in [Paper VII], the detection of larger
errors was important to reject false loop candidates. For that reason, the logistic
regression model of CorAl was extended to input additional quality measures.
These are computed from the CFEAR Point-to-Line measure, which is more
suitable for quantifying larger alignment errors. This results in a more versatile
classifier, suitable for the verification of loop constraints in SLAM.

Sec. 3.4 discusses the integration of CorAl for the verification of loop clo-
sure constraints in SLAM. Going even further, [Paper VII] shows how fine-
grained alignment verification of CorAl can be unified with place recognition
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for improved place retrievals. Therefore, it allows for safer and more accurate
localization in prior maps and SLAM as presented in the following sections.

38 ‘ Daniel Adolfsson 3.2. CorAl Introspection



3.3 Related work — radar SLAM

Radar-based localization and mapping has been a research topic for many
years. Already in 1998, a beacon-based radar localization system was pre-
sented by Clark and Dlurrant-Whyte [45]. A few years later, Dissanayake et
al. [48] presented the first radar-based method for SLAM, with landmark in-
cluded within the state of an Extended Kalman Filter (EKF). Later methods
proposed alternative techniques to estimate motion, more commonly referred
to as registration. Checchin [43] employed the Fourier-Mellin Transform for
dense registering of radar scans, while Chandran and Newman [42] formulated
motion estimation as a map quality optimization problem. Other methods per-
formed the matching of occupancy grid maps [87], or SIFT features [36]. The
previously mentioned methods rely on additional sensors, such as a wheel en-
coder and gyroscope. In contrast, Callmer et al. [36] demonstrated the feasibil-
ity of SLAM with radar as a single sensor.

In 2013, Mark et al. [76] adapted the Rao Blackwellized particle filters by
Grisetti et al. [54] for use with radar. After that time, most of the presented
approaches [58, 60, 101] relied on pose graph optimization — separate from the
task of odometry estimation and mapping — to correct the estimated trajectory.
An exception, however, is the work of Schuster et al. [93] which integrates land-
mark measurements as additional constraints within pose graph optimization.

Recently, Holder et al. [58] presented a method based on automotive Doppler
radar. The method estimated odometry using ICP with external sensors provid-
ing a starting point for ICP. Loops were computed via GLARE place descriptor
matching and registering of local sub-maps. Hong et al. [59, 60] presented a
highly capable method for radar-only SLAM. Loop constraints are obtained by
computing and matching M2DP [56] descriptors from a point cloud, extracted
from the highest intensity levels per azimuth. Wang et al. [101] adapted Lidar
Odometry And Mapping (LOAM) [110] for radar, with Scan Context [64, 66]
for loop detection.

The work presented within this thesis relies solely on Doppler-free spinning
radar and follows the paradigm of clear separation between odometry, loop
detection, and trajectory correction. In contrast to the methods listed in this
section, the presented work focuses on achieving robustness in loop closure by
careful verification of computed loop constraints. A literature survey on loop
verification in visual and lidar SLAM is presented in [Paper VII].
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3.4 TBV Radar SLAM

TBV Radar SLAM integrates the work presented in the previous chapters of
the thesis, including the odometry method CFEAR and misalignment detec-
tor CorAl and reuses the previously presented radar data representations. The
addition is the inclusion of a pose graph optimization back-end, robust loop
detection, and verification model, with Scan Context as a framework for de-
scriptor matching. On the basis of such integration, TBV presents a series of
steps to substantially increase the rate of verified correct loop retrievals. An
overview of the complete TBV Radar SLAM system is presented in Fig. 3.4,
and visualized externally €37,
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Figure 3.4: Overview of TBV Radar SLAM.

In summary, CFEAR is used to estimate odometry and compute scene rep-
resentation for loop retrieval and verification. Once in an offline training phase,
a model for alignment verification is automatically learned from odometry and
scans within the CorAl framework. After initial offline training, alignment qual-
ity can be computed and utilized for loop closure classification. Alignment ver-
ification is combined with odometry uncertainty and place similarity score, re-
sulting in an improved quality measure for more robust loop classification.
Loop candidates are found by matching of place descriptors, computed from
aggregated sparse sets of radar peak detections. For the best matching candi-
dates, both loop constraints and quality measures are calculated. From these
constraints, only one can be selected according to the highest loop quality.

’https://tinyurl.com/TBVRadarSLAM
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3.4.1 Evaluation

TBV Radar SLAM was evaluated on localization and mapping performance,
and on loop closure computation and verification. An overview of the loop
closure ablation study is presented in Fig. 3.5. The figure presents the baseline
method radar Scan Context (65, 66] (plot 1 in the figure), and proposed im-
provements (plot 2-6 and 8). In the figure, each point, i.e., pair of precision
and recall, corresponds to a selection of a loop quality threshold y, € [0, 1].
Note that both the predicted loop label and the computed loop constraint have
to be correct (within a tolerance) for a loop to be considered a true positive.
Retaining a high level of precision is critical for loop closure. False positives,
which lower precision, may corrupt the resulting map and can be hazardous
to navigation. Fortunately, the different versions presented in Fig. 3.5 can be
tuned for close to 100% precision — with a varied level of recall — to ensure the
rejection of incorrect loop constraints.

oxford
1.0 }
0.8 1
0.6 1
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= —— 1) Radar Scan Context
041 — 2) Aggregated point cloud map
—— 3) Origin augmentation
—— 4) Alignment loop verification
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Figure 3.5: Ablation study of the introspective loop closure of TBV Radar
SLAM. (Plot 1) is a plain integration of CFEAR and Radar Scan Context [65]
without additional verification. (Plot 8) utilizes all techniques presented in
[Paper VII] and can be tuned for both high precision and recall. Most of the
improvement can be attributed to the verification which combines place simi-
larity, odometry uncertainty and point cloud alignment.
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3.4.2 Unified verification and retrieval

TBV Radar SLAM was initially designed to first retrieve and verify place re-
trievals, followed by loop registration and separate geometric analysis and ver-
ification using CorAl. However, loop retrieval could fail due to erroneously low
measures of place similarity for correct candidates. Unfortunately, this would
result in candidates being discarded before final alignment verification. For that
reason, the verification of the place retrieval and the final geometric verification
were integrated and carried out jointly. The advantage of this strategy is that
place retrieval verification is informed and complemented by alignment verifi-
cation carried out after registration.The former technique (“separate” or “cas-
caded” verification) is evaluated in Fig. 3.5 (plot 7), while the latter technique
(joint verification) is presented in Fig. 3.5 (plot 6).

Rather than verifying a single top loop retrieval, this step was generalized
to register, verify and select among multiple competing candidates. Among the
candidates, only the candidate with the highest quality (Fig. 3.5 (plot 8)) could
be selected. These improvements — combined with additional techniques for
retrieval and verification — result in robust loop classification with more than
90% recall close to 100% precision. This makes the proposed method suitable
for robust large-scale mapping, which requires only short revisited segments to
effortlessly detect and close loops, even without the need for a robust back-end
pose graph optimizer.

3.4.3 Filtering for place recognition

The radar intensity peaks (extracted as detailed in [Paper VI]) were used to
calculate the place descriptors in (Fig. 3.5 (plot 2-8)). Specifically, neighboring
scans are aggregated into a local map before computing the place descriptors.
This representation is more sparse compared to Hong [60] — which extracts
intensities one standard deviation above the intensity mean — and compared to
the dense method [65, 101] where scans are merely downsampled. The strategy
“raw unfiltered scan” (Fig. 3.5 (plot 1)) is more accurate compared to using in-
tensity peaks (Fig. 3.5 (plot 2)), at least without further improvements (Fig. 3.5
(plot 3-8)). This raises the question of how much data should be filtered. It
is likely that the descriptors computed from detailed local maps could improve
loop retrieval, benefiting from the rich information inherent in current spinning
radar.

3.4.4 SLAM performance

This section presents the results of the complete SLAM system, i.e. integra-
tion of the loop closure module and CFEAR radar odometry, into TBV Radar
SLAM. The parameters of TBV Radar SLAM were tuned for a single sequence
in the Oxford dataset [22], and evaluated on the Oxford, MulRan [65] and the
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ORU Diverse radar dataset, which was released in [Paper VI] [9]. TBV Radar
SLAM achieved an average Absolute Trajectory Error (ATE) of 3.90 m (over
10 km) in the Oxford dataset, and 2.9 m (over 5.9 km) in the MulRan dataset.
With this level of accuracy, TBV Radar SLAM improves the previous state of
the art [60] with 65% reduced trajectory error. Furthermore, TBV consistently
performs well within substantially different environments without the need to
change parameters. Examples of estimated trajectories are visualized from the
Oxford dataset in Fig. 3.6, from MulRan in Fig. 3.7a @3, and from ORU
Diverse radar dataset in Fig. 3.7c £3%.

Shttps://tinyurl.com/KAISTO2TBV
“https://tinyurl.com/VOLVOTBV
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(b) After loop closure

Figure 3.6: Radar SLAM in the Oxford dataset before and after loop closure.
Ground truth (red) and estimated trajectory (blue).
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(a) MulRan - KAIST02: Ground truth (red) and estimated trajectory
after loop closure (blue).

(c) ORU Diverse radar dataset-VolvoCE: (d)
Before (green) and after (blue) loop closure

Figure 3.7: Radar SLAM in the MulRan and ORU Diverse radar dataset.
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3.4.5 Evaluation challenges

The Oxford and MulRan dataset sequences start and end in close proximity,
with long overlapping trajectory segments. For that reason, a few loop closures
at the end of the trajectory are sufficient to correct the drift accumulated over
the trajectory. As a consequence, trajectory quality in these datasets is largely
dependent on odometry performance rather than the loop closure potential. For
that reason, the benefit of robust loop closure is not fully reflected in the eval-
uated trajectories. Therefore, to fully demonstrate the benefit of the proposed
loop closure module, additional experiments are required in more challenging
datasets.

Furthermore, during the evaluation, inconsistencies were found between
the aligned radar data and the ground-truth positions provided in the Oxford
dataset. Specifically, after computing and visually inspecting the correctness of
the loop constraints, the estimated transformation deviated up to ~ 3 meters
from the ground-truth position. This error was found in the lateral direction of
movement and therefore cannot be explained by the speed of the vehicle. Note
that such a level of ground truth inaccuracy is similar to the level of accuracy of
TBV Radar SLAM, so further improvement to SLAM may be hard to evaluate
due to the ground truth not being accurate enough. As an additional conse-
quence, the performance presented in the evaluation of TBV Radar SLAM may
be pessimistic.

3.4.6 Learned place recognition

Radar Scan Context, which was adopted for place matching, uses hand-crafted
descriptors for place matching, thus limited by the expertise of humans to de-
sign the system. An alternative method for place recognition, namely “NDT
Transformers”, is presented in [Paper IX]. In contrast, NDT Transformers learns
the computing of global descriptors for place matching by the use of a deep
neural network. The contributions of NDT Transformers are in the domain of
3D point cloud place recognition, and the method is not directly applicable to
dense 2D radar without modifications.

The state-of-the-art radar place recognition [52] operates on Cartesian radar
images — which are expensive to compute at high resolution — and learns the
whole process of extracting features from raw data. However, some early steps
of the problem, for example, filtering and motion compensation (and comput-
ing of the NDT representation), can be addressed without learning. Particu-
larly given that these tasks are already addressed by the concurrently running
odometry estimator. Therefore, delegating these tasks could potentially sim-
plify the learning of the subsequent place descriptor. For that reason, NDT
transformers could potentially be suitable for efficient and accurate radar place
recognition.
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Chapter 4
Rapid global localization in
prior maps

This chapter presents methods for rapid localization in prior maps with high
robustness and accuracy. The chapter starts with an introduction to topometric
localization and presents a method for improving map and localization qual-
ity. A brief summary of related work on global localization is presented in
Sec. 4.2. Sec. 4.3 presents the novel localization pipeline: Localizing faster for
rapid global localization in prior maps. Localizing faster, from [Paper VIII],
leverages predictions of localization quality — conceptually incorporating self-
aware localization — which improves both localization speed and robustness.

4.1 Submap representation for localization

In the TBV Radar SLAM pipeline presented in the previous section, single scans
are used as the atomic map representation when reconstructing the environ-
ment in pose graph SLAM. Once SLAM is finished, alternative atomic map
representations, rather than single scans, may be more suitable for localization.
Scans could be fused into smaller submaps or, more commonly, into a single
monolithic map, before being utilized in the localization system. [Paper XI] dis-
cusses the choice of atomic map representation for localization in prior maps.
Specifically, in a topometric localization framework, how should maps be rep-
resented? From numerous small submaps, each consisting of a few scans, to a
single monolithic map that integrates all scans.

The article presents a method that groups scans of an observed scene from
a similar perspective to simplify the map complexity within each group. Sim-
plified map complexity improves localization quality in submaps created from
these groups. The method operates as an intermediate partitioning step that
runs between the mapping and the deployed localization. This method has
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a limited contribution to this thesis, and serves as a motivation for the map
modality adopted in the work on global localization in Sec. 4.3.

4.1.1 Submaps for topometric localizaiton

Submaps have been widely used in localization research. Early methods adopted
submaps to manage computational time and memory requirements and to en-
able real-time localization for filter-based approaches [28, 30]. Since then,
submaps have been used extensively to improve localization quality for tasks
including, but not limited to, lidar [110], radar [101, 111], and visual [37]
odometry estimation. As such, fusing measurements into local maps is widely
considered a sound strategy for building accurate scene representations, pro-
viding means to reduce sparsity, remove redundancies, or inconsistencies, and
create more complete maps.

Localization in prior maps has made use of single monolithic maps [90]
representations, submap representations [50], or similarly, topometric repre-
sentations with vertices of submaps [33] or single scans. Topometric represen-
tations are typically motivated by their simplicity, enabling localization without
the need of globally consistent maps [77]. The work presented in the next sec-
tion argues for the usage of such topometric submap representations — even for
consistent maps. The topometric submap representations have the aforemen-
tioned advantages of local maps, but with a lower map complexity compared
to monolithic maps — modeling the scene from a single perspective only. Thus,
the work in the next section proposes grouping globally consistent scans into
local submaps for localization in these.

4.1.2 Topometric localization

After grouping of scans into submaps, the resulting submaps are sparser in lo-
cation compared to the original pose graph but updated from multiple scans
for better coverage and thus more suitable for localization. Following this step,
the robot can perform metric localization (pose tracking) within the submaps.
The robot pose is estimated with respect to the submap that was previously up-
dated close to the robot’s current location, thus ensuring that the most accurate,
among nearby submaps, is being used to localize. [Paper XI] presents different
strategies to partition scans into local maps, using online or offline techniques,
and based on scan locations, point cloud geometry, or a combination of these
two.

4.1.3 Findings on topometric submap localization

The main finding in [Paper XI] is that localization in small submaps is pre-
ferred to using monolithic, which integrates all measurements in a single map
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Figure 4.1: Categorizes of global localization in prior maps.

representation. Localization in submaps can reduce localization error by up to
46% compared to monolithic maps, and reach an accuracy of as low as 1.7 cm
within a realistic working scenario of a robot navigating within a warehouse.

The preference for smaller submaps may seem contradictory to the find-
ings of [Paper III], where the use of numerous scans is preferred for the es-
timation of odometry. There are, however, some key differences. First, scan-
to-submap registration is adopted for topometric localization in [Paper XI],
whereas the method for radar odometry in [Paper III] never fuses scans into
submaps, but instead maintains scans separately and register the latest scan to
multiple jointly. Second, the use of more scans in [Paper III] mainly reduces
odometry drift, while the impact on pose accuracy is already minor after some
have been used. This submap representation was adopted as part of the global
localization system presented in the next section.

4.2 Related work - Global localization

Global localization from range data can be divided into single-shot and sequen-
tial approaches as depicted in Fig. 4.1. Single-shot approaches localize using a
single measurement set, whereas sequential approaches operate on a continu-
ous stream of measurements. Single-shot approaches can be further subdivided
into four categories: place recognition only, place recognition followed by pose
estimation, coupled place recognition and pose estimation, and one-stage global
pose estimation [109].

Place recognition only localizes topologically by computing and matching
place descriptors. NDT transformers [114] (presented in [Paper IX]) belong to
this category. Other popular methods in this category operate on lidar point
clouds [67, 99], radar images [52, 65, 68, 91], or both [108].

Place recognition followed by pose estimation localizes first topologically,
followed by a metric refinement of the pose, e.g., using registration.
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This approach is often adopted in topometric localization systems [46] (that
integrate global localization) and in SLAM for loop closure [58, 60].

Coupled place recognition and pose estimation, address these steps in an
integrated fashion. An advantage is that pose estimation together with a final
geometric verification can be leveraged to filter incorrect place retrievals [109].
This idea motivates the unified radar loop retrieval and verification module in
TBV Radar SLAM ([Paper VII]). Scan context [64, 66] (which was used within
[Paper VII]) can be placed into this category as place matching retrieve and
utilize the relative heading between descriptors.

One-stage global pose estimation estimates the current pose in a single step,
contrary to the previous metric localization techniques. Deep pose regression
is commonly adopted for one-shot global pose estimation [62, 63, 83, 100,
102, 103]. This approach to localization has a key advantage: The efficiency
of the method depends only on the complexity of the neural network as it
circumvents the need for descriptor matching, which is tedious in large-scale
environments. Instead, the map is implicitly stored within the weights of the
network. Motivated by its efficiency, this technique was included as part of
[Paper VIII].

Sequential localization operates on a stream of measurements, such as a se-
ries of scans produced by a spinning range sensor. These measurements can be
complemented by additional information sources, e.g., wheel odometry. Tradi-
tional approaches to sequential (metric) localization are MCL [47], and more
recent versions for accurate 3D [90] and introspective localization [12].

Although MCL is robust and accurate, it becomes intractable for large-scale
6-DOF localization. Interestingly, MCL and one-shot deep pose regression pro-
vide complementary properties for global localization. Hence, it can be com-
bined for robust and accurate, yet efficient, localization. The rest of this section
discusses such an implementation proposed in [Paper VIII]. The method makes
use of lidar scans and odometry for 6DOF localization without the need for
additional sensors, such as IMU.

4.3 Localizing Faster: Efficient and precise
lidar-based robot localization in large-scale

environments
The method for global localization, proposed in [Paper VIII| achieves fast lo-
calization by combining one-shot deep pose regression with uncertainty, with

MCL localization in local NDT maps. These two systems are referred to as
System 1 and System 2, and provide complementary properties.
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4.3.1 System 1 - Deep pose regression with uncertainty

System 1 is a version of one-shot global localization. Specifically, 6-DOF deep-
pose regression with uncertainty. The model has been trained on a set of cor-
rected poses and observations (range data) to operate within a specific environ-
ment.

First, 3D point clouds are aggregated via odometry and superimposed around
the current pose. After removal of the ground plane, the point cloud is con-
verted into a birds-view grayscale image, with pixel intensity according to point
height over the ground plane. An example of a scene represented by a lidar
point cloud with corresponding grayscale image representation is visualized in
Fig. 4.2. Pose regression is then learned from the grayscale images, supervised
by the corrected poses in the world frame. In this system, the map of the envi-
ronment is implicit in the weights of the neural network.

4.3.2 System 2 - Submap NDT-MCL

System 2 is based on NDT-MCL [90], with the explicit topometric maps pre-
sented in the previous section. NDT-MCL is a particle filter for localization
based on the NDT voxel representation. In summary, localization is carried out
by applying a motion model based on odometry, a measurement model between
scan and map, normalizing the particle weights, and resampling pose particles
according to particle likelihood.

Rather than localizing in monolithic maps [90], nearby submaps are used in
a scan-to-map measurement model. The submap selection criterion in [Paper XI|
was adopted. Each particle selects the submap that was updated closest to the
robot’s current position. Note that the selection of the submap can be precom-
puted for each possible location. Hence, introducing submaps does not alter
the online computational complexity for particle-based localization.

4.3.3 Hybrid one-shot / Monte Carlo localization

System 1 and System 2 are seamlessly integrated within the particle filter. Specif-
ically, a set of Ny particles is sampled from each predicted pose distribution
and merged with the MCL particles (before applying the motion and mea-
surement model). In the resampling step, the total particles are reduced from
Ngys1 + Ngys2 back to Ngygi. These steps are repeated when new observations
are available, without the need to switch modes between global localization
and pose tracking.

Note that system 2 provides (i) prediction of a global localization pose esti-
mate, and (ii) prediction of the quality of that pose. System 2 is integrated with
system 1 by sampling pose particles according to the predicted pose distribu-
tion. This is motivated by that the accuracy of global pose estimates is corre-
lated with the predicted quality as indicated by the pose covariance. Therefore,

Chapter 4. Rapid global localization in prior maps Daniel Adolfsson ‘ 51



the predicted quality can be used to adjust the size of the search space. When
the pose estimate is accurate and the correctly predicted quality is high (low
uncertainty), the pose particles are confidently sampled from a smaller area.
On the contrary, less accurate pose estimates with correctly predicted low qual-
ity adjust the sampling to a larger area which reflects the larger search space.
If the quality is predicted as inadequate, that is, if the variances in the quality
covariance matrix exceed a limit, the pose estimate is omitted. This reflects that
the robot may be navigating outside of the boundaries of the given map.

Figure 4.2: Bird’s-eye view leveraged for global localization. Left: 3D Point
cloud colored by height, right: corresponding gray-scale image with height over
the ground plane encoded in gray-scale.

4.3.4 Evaluation

Results on localization performance are presented in Tab. 4.1. In the experi-
mental setup, the robot is tasked to repeatedly localize within a 250 x 250 m
large outdoor campus environment from the NLCT dataset [38]. The evalua-
tion compares localization with predicted distribution (using self-awareness of
localization quality), fixed distribution (no self-awareness), and an NDT-MCL
baseline with uniform particle initialization in all possible locations.

The results show that self-awareness of localization quality improves ro-
bustness, compared to using a fixed distribution, with a localization success
rate of 93.3% (up from 92.5%). Localization time is reduced by 16 %, reaching
a median localization time of 0.8 s (down from 0.95 s). Compared to the base-
line MCL with uniform sampling, the localization time is reduced by 99.5%,
and the failure rate is reduced by 86%. The improvement compared to base-
line can be attributed to the significantly reduced search space which enables
localization with fewer particles more densely distributed around the correct
pose. Leveraging the localization quality measure adapts the sampling accord-
ing to the pose estimate quality which further increases the likelihood that the
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particles are sampled in the vicinity of the actual robot location, and accord-
ingly, the likelihood of convergence.

Success rate (%) Localization time [s]
Method Feb  April May June Aug Oct Nov Dec Overall | Mean Median
Hybrid - GP Cov (ours) 972 100 944 949 958 947 812 887 933 1.94+3.0 0.80
Hybrid - Fixed Cov (ours) | 97.7  99.0 93.0 93.5 948 940 79.7 883 925 232+33 0.95
NDT-MCL uniform init. | 62.0 70.6 57.3 59.6 52.7 51.7 37.6 40.1 354.0 154.29 +£46.2 | 157.93

Table 4.1: Success rate of hybrid one-shot / MCL localization (presented in this
thesis). The evaluation compares the proposed method with predicted localiza-
tion quality (GP Cov) and without using predicted quality (Fixed Cov). The
baseline is NDT-MCL with a uniform sampling of pose particles in the map.

4.3.5 Application to radar

The method presented here adopts image-based pose regression from grayscale
images. No specific assumptions are tied to the usage of a specific modality
to produce such images. Interestingly, this representation bears a close resem-
blance with Cartesian spinning radar images, yet with a lower level of noise.
This representation has recently been adopted in state-of-the-art radar place
recognition [52], and has even been applied to radar pose regression [102]. For
that reason, the presented method is likely suitable for global localization with
a 2D radar.
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Chapter 5
Conclusions

This chapter answers the research questions, presents future work, and sum-
marizes the contributions of this thesis.

5.1 Summary of research questions

5.1.1 RQ1: How can radar data be efficiently filtered and
represented for robust radar odometry?

This thesis presents a strategy that condenses dense raw data into a sparse set of
oriented surface points. Surface points are computed in two steps: first, dense
range data is filtered using k strongest for rapid conservative filtering that pro-
vides an upper bound of detections or with BFAR for increased sensitivity and
detection rate. Evaluation filtering within the CFEAR pipeline shows that k
strongest outperforms CA-CFAR in terms of speed and accuracy, with lower
parameter sensitivity. However, the experiments in [Paper IV] demonstrate that
BFAR is more suitable where the highest accuracy is required, at the expense
of computational time. In the Spatial Cross-Validation of [Paper III], the opti-
mal parameter set of k strongest demonstrated a high level of generalization
between environments.

Oriented surface points can be computed using a grid-based method. In
occupied grid cells, the surface point and normal are estimated by computing
the intensity weighted point distribution, followed by eigendecomposition. The
use of surface normals enables accurate odometry, even from sparse sets, with a
high level of efficiency. This produces a set of features that are stable in at least
one direction, which are suitable features, in particular, within feature-poor
environments.
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5.1.2 RQ2: How can accurate and robust odometry be
achieved with radar?

Accurate and robust radar odometry can be achieved by considering multiple
aspects of the odometry estimation problem. The challenge of non-rigid distor-
tions arising from scanning while moving is addressed in spinning radar using
a constant velocity model. The relative timestamp of each measurement is used
to compensate (deskew) the range data. This strategy works well in realistic
scenarios and tolerates a fair amount of acceleration at a system level without
substantially deteriorating odometry quality.

Radar noise is largely addressed during filtering using k strongest or BFAR.
However, subsequent steps, including multiple keyframes, weighted correspon-
dences, and robust loss function, similarly suppress remaining false radar de-
tections. Thus, the impact that radar-specific false detections have on odometry
is greatly alleviated.

More generally, registration utilizes oriented surface normals, multiple key-
frames, and weighted correspondences, to improve robustness within feature-
poor environments and to changes in environment scale.

The drift is reduced by increasing the number of keyframes with which the
latest scan is registered, even up to a large amount. However, a larger number
of scans negatively impact computational time and are more suitable for offline
mapping.

As an optional strategy to improve odometry within feature-poor environ-
ments, registration can be made robust by tightly coupling range measure-
ments with externally provided ego-motion uncertainty estimates. This strat-
egy seamlessly adapts reliance between point-cloud alignment and the external
ego-motion depending on the available features in the scene. Thus preventing
deterioration of registration within feature-poor environments. This method
was evaluated on lidar data, but the principle applies to any method to range
sensors, in general.

When these techniques were integrated for radar odometry (without ex-
ternal sensors), an average translation drift of 1.09% was reached in the ur-
ban Oxford radar RobotCar dataset. This corresponds to an estimated error
of 4.36 m over a distance of 400 m. The most accurate method, after those
presented in this thesis, reaches a drift of 1.65% [111]. The drift is consis-
tently low, even in substantially different datasets. Additionally, these results
are close to what can be achieved using lidar, which has higher precision and
less noise compared to radar. However, the best-performing methods (and their
implementations) in lidar and radar odometry have not yet been compared un-
der similar conditions; for example, lidar odometry is slightly simplified in the
most established benchmark “KITTI” [9, 53]. In the KITTI dataset, lidar point
clouds have already been compensated for motion, even though the problem is
of considerable importance. The absence of this issue is probably a contributing
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factor to why odometry performance is significantly lower on the KITTI bench-
mark compared to MulRan [65]. Another reason for the large discrepancy in
performance can be that the experimental setup in MulRan additionally favors
Radar, with the lidar having a restricted field of view. Additional experiments
in fair benchmarks are required to understand how localization compares be-
tween sensor modalities.

5.1.3 RQ3: How can localization quality be assessed and
leveraged for robust detection of localization failures?

In this thesis, localization quality assessment is approached by measuring and
classifying the alignment between point clouds. In general, the detection of
small localization errors is challenging, particularly under lower spatial overlap
and for a variety of error magnitudes.

Evaluating the ability to detect errors is difficult. The ground poses gener-
ally contain some level of noise which can challenge learning and evaluation,
particularly for a sensitive quality measure. What level of errors can be consid-
ered acceptable, and how sensitive the quality measure should be, depends on
the application. Therefore, even small, acceptable errors in alignment can be in-
correctly classified as misaligned. Despite this, the proposed CorAl method has
demonstrated the ability to detect small localization errors with high accuracy
and the ability to generalize across environments.

Interestingly, evaluation in both lidar and radar consistently showed that
generalization was highest when training within less structured environments
and evaluating in a more structured environment. Classification for a variety of
errors could be improved by combining multiple quality measures, each tailored
for the detection of small or large errors respectively, within a single classifier.

5.1.4 RQ4: How can self-awareness of localization quality be
utilized to enhance the robustness of a localization
system?

For global localization, localization quality is represented using a 6-DOF pose
distribution, e.g. mean and covariance in both position and orientation. The
presented method for hybrid one-shot/Monte Carlo localization can take ad-
vantage of its quality assessment — by sampling accordingly — to improve the
localization success rate. Additionally, the localization time was reduced by nar-
rowing the search space according to the predicted pose distribution or even
omitting predictions with high uncertainty. The full method enables efficient
and rapid global localization within a large-scale environment, achieving sub-
second median localization time.

For loop closure in SLAM, the loop quality assessment is performed by com-
bining separate measures of place similarity, consistency odometry uncertainty,
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and CorAl alignment quality. Using the loop quality measure, loops can be ro-
bustly classified with close to 100% precision with recall exceeding 90%, with-
out the need to consider sequential information for an additional loop consis-
tency check. Based on the highly robust loop closure and odometry proposed
in this thesis, pose-graph optimization was able to correct drift without the
need for a more resilient optimization back-end. This robustness, together with
a high level of generalization, enables accurate and reliable mapping of new
unseen environments.

5.2 Future work

During the work of this thesis, interesting directions for future research were
discovered. Some of these are mentioned here.

5.2.1 Fusing scans into radar submaps

The experiments in [Paper III] show that the lowest radar odometry drift was
achieved when leveraging a larger number of keyframe scans for registration.
There is, however, a trade-off between drift and computational time that re-
stricts the amount that can be considered while retaining the efficiency of CFEAR.
Thus, a promising research direction should focus on fusing multiple scans
into local maps without significantly altering the run-time performance. Re-
cent work by Zhang et al. [111] and Wang et al. [101] included a focus on
fusing scans into local maps within their work. However, the benefit was not
systematically evaluated.

As an additional aspect, building detailed local maps may have a posi-
tive benefit for place recognition. The technique presented in [Paper VII] relied
merely on a sparse set of radar peaks, aggregated into local maps. Therefore,
most radar measurements are discarded. It is likely that more detailed local
maps, created from multiple scans, can provide a higher level of detail required
to correctly recognize places.

5.2.2 Localization in prior maps

The work carried out in this thesis explored SLAM with radar as well as global
localization on previous lidar maps. However, the presented method for global
localization using a hybrid deep learning / MCL localization method is agnostic
to the sensor type and could be adapted for usage with radar. For example,
one-shot deep pose regression (system 1 in Sec. 4.3) could be learned from
superimposed scans, fused into detailed maps as discussed in 5.2.1. On the
other hand, an MCL measurement model (system 2 in Sec. 4.3) could be derived
based on the sparse set of oriented surface points to achieve efficient sequential
localization.
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5.2.3 Localization fault detection

This thesis proposed a method for localization fault detection and showed how
the detection of alignment errors could improve the robustness of loop closure.
Note that the usage within loop closure is primarily motivated by its otherwise
relatively high failure rate in relation to errors in odometry estimation. In a
similar fashion, pose tracking could be more carefully verified, given sufficiently
reliable fault detections.

In general, more work is required to advance detection performance to im-
prove the safety of autonomous systems. This problem may be addressed from
multiple perspectives, including certifiable registration, by combining multiple
sensors, or misalignment detection after registration, as done within this thesis.

5.3 Thesis contributions and summary

In summary, the most important contributions of this thesis are:

1. A pipeline for efficient and accurate radar odometry that robustly gener-
alizes across environments. A detailed ablation study quantifies the most
important aspects of achieving high odometry quality. The proposed
method achieves state-of-the-art performance in public benchmarks. An
optional sensor fusion technique is presented that incorporates an exter-
nal source of odometry with uncertainty, into registration. Thus, retaining
robustness within highly feature-poor environments.

2. A method that evaluates localization quality and detects localization er-
rors by analyzing alignment quality between point-cloud pairs.
The method robustly generalizes across environments. Higher generaliza-
tion can be achieved by training in less structured environments.

3. A pipeline for an introspective and accurate real-time method for state-
of-the-art radar SLAM. The method robustly generalizes across environ-
ments and produces consistent radar maps. Robust loop retrieval and
computation of loop constraints achieved with more than 90% recall at
close to 100% precision. This is achieved by jointly verifying place re-
trieval and loop constraint, and by coupling loop retrieval and verifica-
tion.

4. A topometric localization framework that improves pose tracking in prior
maps by the use of specialized submaps. The framework is motivated by
the insight that topometric submap representations can be preferred to
monolithic maps, even for globally consistent maps — a set of smaller
maps is preferred to larger submaps for accurate pose tracking.

5. A method for fast global localization in prior maps. The method com-
bines the prediction of pose and quality using deep regression, together
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with MCL in topometric submaps, thus achieving fast and accurate lo-
calization. Predictions of localization quality are leveraged for improved
robustness and localization speed.

The research presented in this thesis has contributed to the knowledge of
large-scale localization and mapping, addressing numerous remaining chal-
lenges in the endeavor to achieve robust and safe autonomous navigation. Cov-
ered research topics include radar interpretation and odometry estimation, sen-
sor fusion, localization fault detection, SLAM, map representation, global lo-
calization, and pose tracking in prior maps. The proposed methods have been
evaluated using publicly available benchmarks, presenting state-of-the-art re-
sults in comparative evaluations. They have been further evaluated on data col-
lected from diverse underground, off-road environments, and industrial indoor
scenarios. Evaluations carried out in this thesis demonstrate versatile applica-
bility of the proposed methods, particularly for use in diverse and feature-poor
environments. Ablation studies have been presented that demonstrate the im-
pact of components and parameters. Generalization studies have shown that
the methods consistently operate accurately even within previously unseen en-
vironments. Research material including code, collected data, and evaluations
have been released for some articles to promote re-usability and comparability,
to further advance the research field.
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