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RESUME

La robotique collaborative posséde un potentiel considérable pour transformer la société et
de multiples secteurs en permettant aux systémes autonomes d’exécuter des taches difficiles,
désagréables, ou tout simplement impossibles pour 'humain. A DPorigine de ces capacités
se trouve la Localisation et Cartographie Simultanées Collaborative (mieux connue sous
le nom Collaborative Simultaneous Localization And Mapping ou son acronym C-SLAM),
qui permet a plusieurs robots de cartographier leur environnement et de se localiser, que
I’environment soit préalablement connu ou non, a l'intérieur ou l'extérieur, sous terre ou
sous-marin, sur Terre ou sur Mars. Les cartes ainsi générées servent a explorer et inspecter
des espaces inaccessibles aux humains, a analyser la traversabilité des terrains, ou encore a

planifier et exécuter des taches complexes avec plusieurs agents.

Cette these apporte des contributions pour faire progresser le domaine du C-SLAM, en
mettant ’accent sur I'amélioration de la précision, de la robustesse, de l'efficacité et de
I’adaptabilité. Elle débute par une revue exhaustive de ’état de 'art, mettant en lumiere les
nombreux défis. A partir de ces observations, plusieurs cadriciels innovants sont proposés:
Swarm-SLAM, un systeme C-SLAM décentralisé, optimisé pour les réseaux robotiques ad
hoc; MOLD-SLAM, exploitant des larges modeles d’apprentissage pour fusionner des cartes
avec peu de chevauchement entre elles; et PEOPLEx, qui applique les principes du SLAM
pour améliorer la localisation des piétons. En complément, une technique de calibration de
domaine auto-supervisée est proposée, visant a améliorer les performances du SLAM dans

divers environnements sans nécessiter de réglages manuels.

Les approches développées ont été évaluées lors d’expérimentations sur le terrain, incluant
des essais sur un terrain analogue planétaire. Les résultats démontrent des améliorations en
termes de précision de localisation, avec des réductions notables des besoins en mémoire, en
calcul et en communication. Ces avancées rapprochent de la réalité le déploiement d’essaims

robotiques a grande échelle, ouvrant la voie & de nombreuses nouvelles applications.

La these se conclut par une réflexion sur les implications plus larges de ces contributions
et des perspectives sur I'avenir du C-SLAM. Elle souligne I'importance de développer des
approches résilientes et économes en ressources et insiste sur la nécessité d’encourager la
reproductibilité scientifique afin de stimuler le progrés du domaine. A mesure que les systémes
autonomes évoluent, le C-SLAM jouera un role central en permettant aux robots de collaborer
efficacement et de fonctionner de maniere indépendante, favorisant ainsi des innovations a

travers de nombreux secteurs industriels et sociétaux.



ABSTRACT

Collaborative robotics has immense potential to transform society and multiple sectors by
enabling autonomous systems to perform tasks that are difficult, unpleasant, or simply impos-
sible for humans. At the core of this capability lies Collaborative Simultaneous Localization
and Mapping (C-SLAM), which empowers multiple robots to collectively map and localize
themselves within any space, whether known or unknown, indoor or outdoor, underground
or underwater, on Earth or on Mars. The generated maps can be used to explore and inspect
spaces unaccessible to humans, to analyse and infer terrain traversability, or to plan and

execute complex multi-agent tasks.

This thesis introduces several contributions to advance the field of collaborative SLAM
(C-SLAM), with a focus on accuracy, robustness, resource efficiency, adaptability, and cali-
bration. It begins with a comprehensive survey of the state of the art, identifying critical chal-
lenges and open research questions in C-SLAM. Building on these insights, a self-supervised
domain calibration technique is introduced to enhance SLAM performance across diverse en-
vironments without requiring manual tuning. Swarm-SLAM is presented as a decentralized
C-SLAM system designed for ad-hoc robotic networks. MOLD-SLAM leverages 3D founda-
tion models to address the challenge of limited map overlap between collaborating robots in
C-SLAM. Finally, PEOPLEXx is introduced as a framework that applies SLAM principles to

improve pedestrian positioning using consumer-grade hardware.

The proposed techniques were thoroughly evaluated through both dataset and real-world field
experiments, including trials on a planetary analogue terrain. The results demonstrate signif-
icant improvements in localization accuracy and resource efficiency, with notable reductions
in memory, computational, and communication overhead. These advancements bring large-
scale collaborative robot swarms closer to practical deployment, unlocking new opportunities

for real-world applications.

The thesis concludes by discussing the broader implications of these contributions and offer-
ing an outlook on the future of C-SLAM research. It highlights the importance of resilient and
resource-efficient approaches, as well as the need for open-source implementation and repro-
ducibility to foster scientific progress. As autonomous systems continue to evolve, C-SLAM
will be pivotal in enabling robots to operate collaboratively and independently, driving in-

novations across many industrial and societal domains.
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CHAPTER 1 INTRODUCTION

This thesis is written as part of the requirements for a Philosophige Doctor degree in Computer
Engineering at Polytechnique Montréal. It presents research work that was conducted within
the MIST Laboratory of Polytechnique Montréal (Montréal, Québec, Canada), the Samsung
AT Center (Montréal, Québec, Canada), and the Mobile Robotics Group of Oxford University
(Oxford, United Kingdom) between September 2020 and November 2024. The structure of
the document is that of a thesis by articles comprising six published or submitted papers,
including a peer-reviewed literature review (Chapter 2), four original scientific contributions
(Chapters 5, 6, 8 and 9) and one field study (Chapter 7).

1.1 Context and Motivation

Large-scale adoption of robotics could revolutionize industries and improve daily life, but
realizing this promise hinges on robots performing tasks autonomously and reliably for ex-
tended periods of time. Achieving true autonomy demands not only sophisticated hard-
ware but also precise and robust environmental perception. In particular, accurate local-
ization—knowing the robot’s position—and mapping—building a usable representation of
the surroundings—are fundamental for ensuring that robots can navigate safely, make in-
formed decisions, and accomplish their objectives. Just as humans depend on tools like
maps, compasses, or GPS to find their way through unfamiliar territories, robots require

similar technologies to operate effectively and efficiently.

At the heart of robotic autonomy lies Simultaneous Localization and Mapping (SLAM), a key
algorithm that allows a robot to build and update a map of its environment while simultane-
ously tracking its own position within it. SLAM empowers robots to operate independently
in dynamic and unpredictable settings by incrementally refining the map as the robot ex-
plores, ensuring it can avoid obstacles, detect changes, and adjust its path. While positioning
systems such as GPS or external tracking systems (e.g. using cameras or Ultra-Wideband
(UWB) anchors) provide useful positioning in specific environments, they are often unsuit-
able solutions. Indeed, tracking cameras or UWB anchors require extensive infrastructure
that must be installed and maintained, while GPS signals degrade or become unavailable
in environments like underground tunnels, dense urban centers, underwater environments,
indoor spaces with poor satellite reception, or on the Moon and Mars. In these scenarios,
SLAM becomes essential, providing the localization accuracy needed for safe and effective

autonomous operation.



In multi-robot systems, the challenges of localization become even more complex. Robots
operating together must not only navigate their environments independently but also align
their individual perception with that of their counterparts. At the start of a mission, each
robot typically relies solely on its own local map, generated from the limited perspective of
its onboard sensors. Without a shared frame of reference or initial knowledge of each other’s
positions, robots cannot easily exchange meaningful information about obstacles, goals, or
resources. This lack of shared situational awareness limits the effectiveness of collaborative

efforts, reducing the system’s overall potential.

This is where Collaborative SLAM (C-SLAM) emerges as a crucial enabler of multi-robot
autonomy. C-SLAM provides a framework for map merging and shared localization, allowing
each robot to contribute its local map to a collective, global representation. As robots align
their positions within a unified map, they unlock new opportunities for cooperation—such as
multi-agent task planning, resource sharing, distributed exploration, or collaborative trans-
port of heavy objects. With a shared situational awareness, robots can coordinate their
efforts seamlessly, minimizing redundant actions and maximizing efficiency, even in challeng-

ing environments.

The societal implications of SLAM and C-SLAM go far beyond robotic research. These tech-
nologies pave the way for future applications in areas like autonomous planetary exploration
missions, precision agriculture, smart warehouses, and infrastructure inspection. Whether
enabling fleets of drones to scan underground caves or allowing robots to autonomously ex-
plore underwater ecosystems, SLAM and C-SLAM are cornerstones of the next generation
of robotics. They not only enhance the individual capabilities of robots but also unlock the
full potential of collaborative systems, driving the realization of robotics’ broader promise: a

safer, smarter, and more connected world.

1.2 Problem Statement

Despite extensive research efforts, several persistent challenges remain in the fields of SLAM
and C-SLAM. While single-robot SLAM has made significant strides, it still struggles to
achieve the robustness and resilience required for deployment beyond controlled laboratory
settings [1]. Many SLAM systems are vulnerable to sensor noise, and unpredictable error
sources encountered in real-world applications. Achieving real-time performance on resource-
constrained devices, such as small drones, augmented reality (AR) glasses, or mobile robots,
presents another challenge [2]. Moreover, SLAM systems often require extensive tuning and
calibration [3], creating significant barriers to entry for non-expert users looking to deploy

these systems efficiently.



The challenges become even more pronounced in multi-robot collaborative SLAM (C-SLAM),
where additional constraints emerge from the need for inter-robot communication and map
merging. Exchanging large 3D environmental representations demands high communication
bandwidth, while substantial computational resources are required to detect overlapping re-
gions between individual robot maps and merge them into a coherent, consistent global map.
Furthermore, the synchronization of maps across multiple agents introduces complexities
that are not present in single-robot SLAM, compounding the difficulties of ensuring seamless

collaboration across diverse operating environments.

In this thesis, we adopt the pose graph formulation for both SLAM and C-SLAM [4]. Pose
graph SLAM provides a structured, cohesive, and computationally efficient solution by fram-
ing localization and mapping as a maximum likelihood estimation problem over the robot’s
poses and inter-robot measurements. This approach offers several key advantages: it reduces
computational complexity by marginalizing map features into inter-pose measurements, min-
imizing the overhead of full map optimization. In contrast to filtering methods, pose graph
SLAM continuously refines past estimates, leading to more accurate maps over time and en-
hanced long-term reliability [1]. Additionally, pose graph SLAM allows for outlier rejection
by re-evaluating and removing erroneous measurements—a critical capability for mitigating

errors caused by data association failures and perceptual aliasing, both of which are common
challenges in SLAM [5].

Successfully implementing C-SLAM requires an intricate balance of three core resources:
compute, memory, and communication bandwidth. These trade-offs are heavily influenced by
the type of sensors used (e.g., cameras, LiDAR, IMUs), the scale of the mission (e.g., number
of robots, trajectory length, and duration), and the deployment environment. Critical factors
include the extractability of stable and distinctive map features, the degree of overlap between
individual maps, and the alignment between the data collected in the field and the learned
models used for SLAM processing. The interplay between these factors can significantly

impact the system’s accuracy and efficiency.

This thesis explores innovative solutions to advance pose graph C-SLAM along three princi-
pal research axes: accuracy and robustness; adaptability; and resource efficiency. Particular
attention is given to minimizing computational, memory, and communication overhead to
enable real-time performance on resource-constrained devices. Additionally, the work ad-
dresses practical deployment challenges, such as parameter tuning and system calibration, to

facilitate smoother adoption in real-world applications.



1.3 Research Objectives

In response to the identified challenges, this thesis addresses three primary research objec-

tives, each divided into targeted subobjectives:

e Accuracy and robustness: Minimize the average pose error of SLAM and C-SLAM

solutions:
— Accl Develop a decentralized C-SLAM framework that eliminates single points
of failure and maintains functionality during network disruptions;

— Acc2 Reduce spurious measurements and data association errors throughout the
mapping process;
— Acc3 Perform uncertainty estimation to optimize map measurements effectively

and enhance solution reliability.

« Resource efficiency: Minimize the computational, memory, and communication re-
sources required to operate SLAM and C-SLAM onboard robots:

— Resl Lower the communication bandwidth needed for map convergence without
compromising accuracy;

— Res2 Define explicit communication and computational budgets to optimize lo-

calization accuracy within the resource constraints;
— Res3 Expand the scalability of C-SLAM to support larger multi-robot teams.

— Res4 Evaluate and document the resources needed, and the respective trade-offs,

of current state-of-the-art techniques;
— Res5 Reduce the map size in memory without sacrificing localization accuracy;
— Res6 Design specialized solvers that provide equivalent accuracy to general-

purpose alternatives but with reduced computational complexity.

» Adaptability: Ensure C-SLAM systems perform reliably across a wide range of envi-

ronments and operational contexts:
— Adaptl Build C-SLAM systems capable of functioning across diverse environ-
ments and comprehensively document their performance in different settings;

— Adapt2 Achieve successful registration between maps with minimal overlap, en-

abling map merging in a broad range of scenarios;



— Adapt3 Perform domain adaptation of deep learning modules used in SLAM
when there is a domain discrepancy between the training data and the deployment

environment;

— Adapt4 Develop SLAM techniques incorporating radio signals, such as UWB,

WiFi or BLE, when available in the environment.

1.4 Novelty and Impact

This thesis contributes six articles, published or under review in high-impact, peer-reviewed

journals and conferences. Each article addresses specific subobjectives outlined above:

o Peer-Reviewed Literature Review: A structured review of current C-SLAM re-
search, identifying key methodologies, challenges, and future research directions. This
work synthesizes existing research while highlighting new areas for innovation, guiding

future developments in the field.

o Original Scientific Contributions: These include three published articles and one
currently under review. Each contribution tackles important challenges and objectives
for SLAM and/or C-SLAM:

— Self-Supervised Domain Calibration: Focused on adapting SLAM systems
to new environments, this method, presented in Chapter 5, offers uncertainty
estimation and domain adaptation, making SLAM systems more robust and prac-
tical for real-world deployments. We provide our open-source implementation:
https://github.com/MISTLab/vpr-calibration-and-uncertainty. This re-
search aims to fulfill objectives Acc2, Acc3, and Adapt3;

— Swarm-SLAM: Presented in Chapter 6, this work introduces a decentralized C-
SLAM framework with a sparsification strategy to efficiently map environments
under limited communication bandwidth. Our implementation is made available
publicly to support reproducibility: https://github.com/MISTLab/Swarm-SLAM.
This project addresses objectives Accl, Resl, Res2, Res3, and Adaptl;

— MOLD-SLAM: In Chapter 8, we detail a novel approach leveraging 3D founda-
tion models to merge multi-robot maps with varying viewpoints and low-overlap
trajectories. The objectives addressed in this work include Acc2, Acc3, Resb, Res6,
and Adapt2;

— PEOPLEx: A pedestrian positioning framework, presented in Chapter 9, lever-
aging diverse sensor inputs, such as IMU, UWB, BLE, and Wi-Fi, to create reliable
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SLAM solutions for commercial smartphones. This project targets the completion
of objectives Res6, and Adapt4.

o Field Experiment Study: This study, presented in Chapter 7 and currently un-
der review, documents the deployment of Swarm-SLAM in a planetary analogue en-
vironment. It evaluates its performance under realistic conditions, identifies practical
limitations, and outlines future research challenges to guide further development. It
also introduces a novel dataset, gathered during our experiments, including inter-robot
latency and throughput estimation along with sensor data for mapping. This dataset
will allow researchers to develop techniques better tailored to the actual capabilities
of current robotic networks. This field study tackles objectives Accl, Res2, Res4,
and Adaptl. The dataset is available publicly: https://github.com/MISTLab/Mars_
Analogue_ CSLAM Dataset.

Overall, the contributions of this thesis span new calibration methods, optimization formula-
tions, and complete system implementations. Our research outputs include open-source code
and datasets, facilitating further development in the robotics community. Swarm-SLAM, in
particular, has garnered significant attention, receiving over 400 stars on its public repository

and serving as the foundation for further research [6].

Through these contributions, I aim to advance the state of SLAM and C-SLAM research,
offering practical solutions that address real-world deployment challenges. I hope that this
work will not only bridge gaps in current technology but also inspire future developments

that push the boundaries of autonomous robotics.

The following sections present the peer-reviewed literature review, followed by an adden-
dum covering recent advancements that have emerged since its publication. Subsequently,
Chapter 4 provides further details on the research approach and methodologies used in this

thesis.
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CHAPTER 2 ARTICLE 1 : TOWARDS COLLABORATIVE
SIMULTANEOUS LOCALIZATION AND MAPPING: A SURVEY OF THE
CURRENT RESEARCH LANDSCAPE

Preface: This literature review provides an in-depth analysis of the field of Collaborative
Simultaneous Localization and Mapping (Collaborative SLAM), examining its evolution, key
challenges, and emerging trends. By synthesizing existing research, the review highlights the
technological advancements that have shaped Collaborative SLAM, addressing topics such
as resource efficiency, loop closure detection, and pose graph optimization.

The review has undergone a rigorous peer-review process and has been published in the
journal Field Robotics. Previously a Green Open Access independent journal, Field Robotics
has been integrated into IEEE under the name Transactions on Field Robotics.
Contributions: For this paper, my contributions include conducting a comprehensive liter-
ature search to identify a large set of potentially relevant papers, identifying subthemes, and
broadly categorizing the papers according to these themes. I then assigned some themes and
their corresponding sets of papers to my coauthors, while I personally took responsibility
for most of the themes. After reviewing the papers and extracting key takeaways from the
relevant literature, we compiled our notes and discussed how to organize the paper. I wrote
the majority of the sections and reviewed and edited those I delegated to my coauthors. I
was also responsible for writing the discussion and conclusion sections, summarizing both my
insights and those of my coauthors gathered throughout the process.

Full Citation: Pierre-Yves Lajoie, Benjamin Ramtoula, Fang Wu, Giovanni Beltrame, “To-
wards Collaborative Simultaneous Localization and Mapping: a Survey of the Current Re-
search Landscape,” Field Robotics, 2022.

Submission date: August 7th 2021

Publication date: May 31st 2022

DOI: 10.55417/r.2022032

Copyright: © 2022 Lajoie, Ramtoula, Wu, and Beltrame.

2.1 Abstract

Motivated by the tremendous progress we witnessed in recent years, this paper presents a
survey of the scientific literature on the topic of Collaborative Simultaneous Localization and
Mapping (C-SLAM), also known as multi-robot SLAM. With fleets of self-driving cars on

the horizon and the rise of multi-robot systems in industrial applications, we believe that



Collaborative SLAM will soon become a cornerstone of future robotic applications. In this
survey, we introduce the basic concepts of C-SLAM and present a thorough literature review.
We also outline the major challenges and limitations of C-SLAM in terms of robustness,
communication, and resource management. We conclude by exploring the area’s current

trends and promising research avenues.

2.2 Introduction

Collaborative Simultaneous Localization and Mapping (C-SLAM), also known as multi-robot
SLAM, has been studied extensively with early techniques dating back as far as the early
2000s (e.g. [7-11]). These techniques were introduced only a short time after the inception of
single-robot SLAM by researchers who were already envisioning collaborative perception of
the environment. Although they were small-scale proofs of concept, they laid the foundations
that still shape the field nowadays.

After years of confinement to laboratory settings, C-SLAM technologies are finally com-
ing to fruition into industry applications, ranging from warehouse management to fleets of
self-driving cars. Those long awaited success stories are a strong indicator that C-SLAM tech-
nologies are poised to permeate other fields such as marine exploration [12,13], cooperative

object transportation [14], or search and rescue operations [15,16].

SLAM is the current method of choice to enable autonomous navigation, especially in un-
known and GPS-denied environments. SLAM provides an accurate representation of the
robot surroundings which can in turn enable autonomous control and decision making. Simi-
larly, in multi-robot systems, C-SLAM enables collaborative behaviors by building a collective

representation of the environment and a shared situational awareness.

Moreover, many ambitious applications remain for multi-robot systems, such as the explo-
ration of other planets [17,18]. To reach those moonshot goals, ongoing trends in the research
community aim to push the boundaries of multi-robot systems towards increasingly larger
teams, or swarms of robots [19,20], which potentially allow parallel operations that are more
efficient and versatile. However, this is still largely uncharted territory since current multi-
robot applications either involve very few robots or rely upon large amounts of centralized
computation in server clusters. Current C-SLAM techniques are no exception. They are
prone to deteriorated performance when the team size increases above a few robots, and
could be infeasible when minimal or no prior information is available about the operating

environment.

Even though C-SLAM-enabled swarms of robots are still far from reality, C-SLAM remains



a useful tool when operating as few as two autonomous robots. In exploration and mapping
applications, even small teams can yield a significant boost in performance compared to a
single robot system [21]. Notably, autonomous mapping using C-SLAM has recently received
a lot of attention due to the latest DARPA Subterranean Challenge [22] and its potential

applications in space technologies [23].

Thus, this paper presents a survey of the relevant literature on the topic of C-SLAM, aiming
to give a complete overview of the main concepts, current developments, open challenges, and
new trends in the field. We hope it will help new as well as established researchers to evaluate
the state-of-the-art and offer valuable insights to guide future design choices and research
directions. Compared to previous reviews [24, 25], this paper provides an update on the
tremendous progress in the past five years. In particular, we delve into the major advances
towards the deployment of complete C-SLAM systems outside closely monitored laboratory
environments, and we address the specific challenges of the different submodules (i.e., front-
end, back-end, etc.). We also focus on the emergent trends and new opportunities coming
from adjacent fields of research (e.g. deep learning, edge computing, etc.). This paper aims
for a broader overview of the field than surveys covering specific C-SLAM subproblems such as
map merging [26], practical implementations [27], particle filter techniques [28], vision-based

techniques [29], and search and rescue applications [30].

2.2.1 Outline

The rest of this paper consists of seven sections covering the main C-SLAM subfields of
research presented in Table 2.1: Section 2.3 presents an overview of the single robot SLAM
problem; Section 2.4 explains the core differences with C-SLAM; Section 6.5 explores the
different modules of the C-SLAM front-end and their challenges; Section 2.6 introduces the
C-SLAM back-end and discusses the different inference techniques; Section 2.7 looks into
important system-level challenges. Section 2.8 discusses the available benchmarking datasets;
Section 2.9 presents open problems and ongoing trends in the fields; and Section 8.6 concludes

the survey and discusses future research avenues.

2.3 What is SLAM?

At its core, SLAM is a joint estimation of a robot’s state and a model of its surrounding
environment, with the key assumption that a moving robot performs the data collection
sequentially. On one hand, the robot’s state comprises its pose (position and orientation)

and possibly other quantities such as sensors’ calibration parameters. On the other hand,



10

Odometry
SLAM Intra-Robot Loop Closures
Pose Estimation

Direct Inter-Robot Loop Closures
C-SLAM Front-End Indirect Inter-Robot Loop Closures
Heterogeneous Sensing

Extended Kalman Filters
Particle Filters

Pose Graph Optimization
Perceptual Aliasing Mitigation

C-SLAM Back-End

Map Representation

System-Level Challenges Communication Constraints

Resilient Inter-Robot Communication
Managing Limited Computation Resources
Open Problems Adapting to Dynamic Environments
Active C-SLAM

Semantic C-SLAM

Augmented Reality

Table 2.1 Collaborative Simultaneous Localization and Mapping Subfields of Research

the environment model (i.e., the map) consists of representations of landmarks, built with
processed data from the robot’s exteroceptive sensors such as cameras or lidars. This makes
SLAM an essential part of many applications that require building an accurate map of the
surrounding environment, whether it be for collision-free navigation, scene understanding,
or visual inspection by a remote human operator. Since dead-reckoning approaches (e.g.
IMU, wheel or visual odometry) drift over time due to noise accumulation, the environment
map in SLAM is also used internally to correct the robot trajectory when known areas are
re-visited. The recovered links between previously visited locations are called loop closures.
SLAM is useful when neither an a priori map nor localization information are available,
when a map needs to be built, or long-term accurate localization estimates are required.
Common scenarios include robotics applications without external positioning systems, such

as the exploration of unknown indoor environments, caves, mines, or other planets.

2.3.1 Single-robot SLAM problem

Formally, the overall goal of SLAM is to maximize the posterior of the map and robot state.
We can formulate this with the state variables X of both the landmarks (map) and the robot,
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and the set of measurements Z acquired by the moving robot [31]:
p(X|Z) (2.1)

This estimation problem is solved by either updating the current state at each time step
given the new observations (i.e., filtering) or optimizing over the whole trajectory and past

observations (i.e., smoothing).

Although filtering in SLAM is still an active research topic, current state-of-the-art techniques
are mostly based on smoothing [1,32]. The common formulation for smoothing techniques
is a Maximum A Posteriori (MAP) estimation problem that leverages the moving robot
assumption by introducing a prior distribution (e.g. obtained by odometry) over the robot

trajectory.

Thus, the SLAM problem for a single robot, designated with the lower case letter o, can be
expressed as finding X, the solution of the MAP problem:

X, = argmax p(Xa|Z,) = argmax p(Za|Xa)p(Xa) (2.2)
Xa ch

The decomposition of the posterior distribution is obtained with Bayes’ theorem: p(Z,|X,) is
the likelihood of the measurements Z,, given a certain X,, and p(X,) is the prior distribution
of the robot motion state. Intuitively, the SLAM problem finds the set of state variables
(environment landmarks and robot poses) X* that is most likely to produce the measurements

Z,, given a prior estimation p(X,).

It is important to also note that SLAM is closely related to the well-studied problem of

bundle adjustment in Structure from Motion for which we refer the reader to [33].

2.3.2 SLAM Systems Architecture

SLAM systems are commonly divided into a front-end and a back-end, each involving different
fields of research. The front-end is in charge of perception-related tasks, such as feature
extraction and data association which are both related to fields such as computer vision
and signal processing. The back-end produces the final state estimates using the front-end’s
outputs. The back-end uses tools from the fields of optimization, probability theory and
graph theory. In practice, the front-end processes the sensor data to generate ego-motion,
loop closure, and landmark measurements, while the back-end performs the joint estimation
of the map and the robot state. Figure 2.1 provides an overview of a common SLAM structure

in which the robot trajectory is represented as a graph of poses at consecutive discrete times
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(i.e., a pose graph) and the map as a set of observed landmarks [1]. In a 3D pose graph, the
nodes are the robot poses [R,t] € SE(3) comprised of a rotation matrix R € SO(3) and a

translation t € R3, and the edges represent the relative measurements between the poses [34].

Single-robot SLAM still faces many challenges that consequently apply to C-SLAM such as
its long-term use, its robustness to perception failures and incorrect estimates, or its need for
performance guarantees [1]. To circumvent those limitations in their specific settings, SLAM
and C-SLAM developers often have to adapt the architecture and consider some trade-offs

between the sensors capabilities, the onboard computing power, and available memory.

2.4 What is Collaborative SLAM?

Many tasks can be performed faster and more efficiently by using multiple robots instead of a
single one. Whether SLAM is used to provide state estimation to support an application (e.g.
estimate each robot’s position to plan for actions), or whether it is at the core of the task
(e.g. mapping an environment), it is beneficial and sometimes necessary to extend SLAM
solutions into coordinated C-SLAM algorithms rather than performing single-robot SLAM

on each robot.

C-SLAM algorithms aim to combine data collected on each individual robot into globally
consistent estimates of a common map and of each robot’s state. This coordination allows
each robot to benefit from experience of the full team, leading to more accurate localization
and mapping than multiple instances of single-robot SLAM. However, this coordination

introduces many new features and challenges inherent to multi-robot systems.

Front-End P> Robot @ Pose Estimate

Feature extraction @ Landmark
Data association
ﬂ‘
v

Back-End
State estimation

Figure 2.1 Single-robot SLAM Overview
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2.4.1 Multi-robot systems

In multi-robot systems, data collection and state estimation are no longer entirely located
on a single entity, so there is an inevitable need for communication between the agents (i.e.,

robots, base stations, etc.) which is the crux of the problem.

Moreover, multi-robot systems have additional properties to consider when designing C-SLAM
systems, and taxonomies can be defined to classify approaches and highlight their benefits
and tradeoffs. The taxonomy proposed in [35] presents considerations that are well suited to

the C-SLAM problem. It distinguishes approaches according to the following aspects:

Team size The number of robots in the system. Larger teams usually perform tasks more

efficiently but may be harder to coordinate.

Communication range Direct communication between robots is limited by their spatial
distribution and the communication medium. In some cases, robots might be unable
to communicate for long periods of time, while in others they might always be in range

of another robot.

Communication topology The communication network topology affects how robots com-
municate with one another. For example, they might be limited to either broadcast or

one-to-one messages.

Communication bandwidth The bandwidth of the communication channel affects what

information robots can afford to share.

System reconfigurability The robots will move and are likely to change spatial configu-

ration over time. This can affect the communication topology and bandwidth.

Team unit processing ability Individual robot’s computational capability can affect the

computation cost of C-SLAM approaches and the distribution of computation tasks.

Team composition Robots can be homogeneous or heterogeneous over several aspects such

as locomotion methods and available sensors.

The main differences between most C-SLAM techniques in the literature lie in the properties
of the multi-robot system considered, especially their resource management strategy. One
subclass of multi-robot systems particularly relevant to the future of C-SLAM are swarm
robotics systems [36], which are inspired by social animals. Two main characteristics are
required for swarm-compatibility in C-SLAM: robots’ sensing and communication capabil-

ities must be local, and robots can not have access to centralized control and/or to global
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knowledge. Such systems would present considerable benefits: they would have robustness

to the loss of individual units, and they could scale well to large numbers of robots.

2.4.2 C-SLAM Problem definition

When all robots’ initial states are known or can be estimated, the C-SLAM problem is a
simple extension of the single-robot SLAM MAP problem that includes all the robots’ states,
measurements, and additional inter-robot measurements linking different robots’ maps. In
a setup with two robots (a, (), where X, and Xz are the state variables from robot «
and 3 to be estimated, Z, and Zz are the set of measurements gathered by robot o and 3
independently, Z,3 is the set of inter-robot measurements linking both robot maps containing
relative pose estimates between one pose of robot o and one of robot 3 in their respective

trajectories, and X, Xj are the solutions, the problem can be formulated as:

(X5, X5) = argmax p(Xo, X3|Za, Zs, Zap)
Xo,Xp
(2.3)
= argmax p(Za, Zs, Zog| Xa» X5)p(Xa, Xp)
Xo,Xs
However, when the relative starting locations and orientations of the robots cannot be de-
termined, the initial guess of the robots states p(X,, Xg) is not available. In that case, there
are infinite possible initial alignments between the multiple robot trajectories. Therefore,
in absence of a prior distribution, C-SLAM is reduced to the following Mazimum Likelihood
FEstimation (MLE) problem.

(X5, Xj) = argmax p(Za, Zs, Zap| Xa, Xp) (2.4)

Xo, X3

The C-SLAM problem formulation is still evolving to this day and progress still needs to be
made to achieve an efficient decentralized, distributed and robust implementation. To give
some perspective, Figure 2.2 presents some major milestones in the evolution of the C-SLAM
problem over time. More details on these milestone works are provided in the following

sections.

2.4.3 Centralized, Decentralized and Distributed Systems

An important distinction in C-SLAM, and in multi-robot systems in general, is the difference
between the global and local perspectives. The local perspective is the default point of view

in single-robot SLAM. Accordingly, the pose and map estimates are expressed in an internal
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Figure 2.2 C-SLAM Problem Major Milestones

reference frame which is usually the starting location of the robot’s mission. However, in
C-SLAM, one has to consider the global perspective of the system since the pose and map
of each robot need to be expressed in a shared global reference frame. This means that
every landmark can be expressed within the same coordinates system by every robot in the
team. Otherwise, shared information (e.g. position of observed landmarks) would have no
significance to the receiving robot due to the representation being in another unknown local
reference frame. Establishing this global reference frame using C-SLAM allows the robots to

collectively perceive the environment and benefit from each other’s observations.

To achieve this global understanding, one could either solve C-SLAM in a centralized or
decentralized manner. In a centralized solution, the estimator has a global view of the entire
team of robots: it performs the estimation given perfect knowledge of the measurements
of each robot. These measurements can be raw or preprocessed, and shared on demand

depending on the communication limits.

Unfortunately, due to communication constraints, solving centralized C-SLAM quickly be-
comes intractable as the number of robots increases [24]. Thus, a better solution for scalability
is to solve C-SLAM in a decentralized manner [37]. This means that each robot only has
access to a local view comprised of its own data and partial information from its neighbors.
Therefore, decentralized systems cannot solve the C-SLAM problem for all the robots at once,
but aim instead for local solutions on each robot that are consistent with their neighbors.
Then, iteratively and over time, with the robots gradually improving their estimates given
their neighbors’ latest data, decentralized techniques converge to local solutions that are
mutually consistent across the team of robots. So, upon convergence, the individual robots
reach a common understanding and their local maps are aligned with the common (global)
reference frame. Figure 2.3 provides examples of the C-SLAM problem and output in both

perspectives.
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Figure 2.3 Hlustration of centralized and decentralized approaches to solve the C-SLAM
estimation problem. The decentralized illustration is from the local perspective of robot «.

Aside from the centralized/decentralized classification, a system is distributed if the com-
putation load is divided among the robots. The two notions are independent. Therefore, a
system could be centralized and distributed at the same time, if, for example, each robot
performs parts of the computation, but a central node is required to merge the individual
results from all the robots [38].

Centralized C-SLAM Many seminal C-SLAM works are centralized and solve the esti-
mation problem in eq. 2.4 from the global perspective. In those approaches, the robots are
essentially reduced to mobile sensors whose data is collected and processed on a single com-
puter. Examples of centralized C-SLAM techniques include [39,40] that gather all the robots’
measurements at a central station to compute the global map. [41] improves this solution
by marginalizing unnecessary nodes in the local pose graphs so only a few condensed mea-
surements need to be shared to the central computer. Other centralized approaches [42—44]
perform C-SLAM with monocular cameras, successfully solving the associated 3D estimation
challenges, while [45] focuses on micro-aerial vehicles constraints. [46] proposes a framework
to reuse existing single robot SLAM solutions for C-SLAM. The same idea is explored in [47],
in which a popular single-robot SLAM technique [48] is converted into C-SLAM. [49,50] inte-
grate inertial measurements from IMUs in their centralized C-SLAM systems. [51] proposes

that the central node spreads the resulting map across the robots to limit the memory usage.

Improving upon the pure centralized methods, some techniques do not rely on a single com-
puter, but can use different robots or base stations for the computation. This way, the system

can adapt itself to the failure of one node or communication link and complete the mission.
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A typical solution is to use replicated central servers among the robots [52].

Decentralized C-SLAM Solving the C-SLAM problem in a decentralized manner is rad-
ically different, but offers major benefits in terms of computation, communication and pri-
vacy [37,53]. Such systems are usually distributed and solve the estimation problem from
eq. 2.4 partially on each robot. As shown in Figure 2.3b, each robot computes its own lo-
cal map and uses partial information from other robots as well as inter-robot measurements
to achieve a local solution. Over several iterations with its neighbors, each robot’s result-
ing local solution converges to a solution consistent with the global reference frame. These
techniques mitigate communication and computation bottlenecks since the loads are spread
across the robot team [54]. Alternatively, the full mapping data can be sent to every robot

for redundancy and a subset of robots can be designated for computation [55-57].

As one would expect, decentralized and distributed techniques come with many additional
challenges that need to be tackled such as complex bookkeeping, information double counting

or synchronization issues.

2.4.4 Complete C-SLAM Systems

In C-SLAM, as well as in single-robot SLAM, the front-end handles perception-related tasks
and the back-end generates state estimates using all measurements gathered. However, in
C-SLAM, the front-end and back-end computations do not necessarily occur fully on a single
robot anymore depending on the sensing, communication, and estimation strategies. For
example, in a centralized system, all robots could send their sensor data directly to a single
unit which would then perform the front-end and back-end steps for the whole team. While
in a decentralized and distributed setup, a robot could perform feature extraction on its own
and communicate with other robots for data association and state estimation. Every part of

a C-SLAM system can be subject to distribution or decentralization.

In addition, the front-end needs to find links and relative measurements between the individ-
ual maps. Therefore, the front-end must also perform data association to detect and compute
inter-robot loop closures, which will be detailed in Section 6.5. It follows that the back-end
must generate estimates combining the individual and shared measurements as described in
Section 2.6.

In the recent years, several complete C-SLAM systems have been developed and deployed in
realistic scenarios. For example, some solutions deployed in large-scale environments during
the DARPA Subterranean Challenge [58,59] led to the developments of new C-SLAM systems,
such as the robust lidar-based approach of [60]. Alternatively, [61] proposes a vision-based
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centralized C-SLAM system incorporating inertial measurements, which has been tested with
up to 12 robots in simulation. In another line of work, [62] presents a distributed and
decentralized system robust to spurious measurements, along with online experiments on real
robots, and a publicly available implementation. A subsequent approach, detailed in [63],
puts together a completed decentralized and distributed C-SLAM system including a novel
robust distributed pose graph optimization back-end, and a front-end producing globally
consistent metric-semantic 3D mesh models of the explored environment. Those works are
some of the best starting points for researchers and engineers looking to implement, improve

and deploy practical C-SLAM systems in challenging conditions.

2.5 C-SLAM Front-End

Although the division between the front-end and the back-end is sometimes blurry due to
the presence of feedback loops between the two processes, a typical C-SLAM front-end is in
charge of producing landmark estimates, odometry measurements, and both intra-robot and

inter-robot loop closures.

Odometry measurements aim to capture the translation and rotation of a robot from one time
step to the next. Common techniques measure wheel movements, integrate from an IMU,
and/or perform geometric matching between consecutive images or laser-scans. Intra-robot
loop closures are the measurements used by a SLAM system to relocalize itself and reduce
its estimate error caused by odometry drift. Using place recognition, the system can detect
previously visited locations and compute relative measurements between them. In other
words, intra-robot loop closures are estimates relating non-consecutive poses in the robot
trajectory that observed the same places. Since the computing of odometry and intra-robot
loop closure measurements can be fully done locally on each robot, the approaches used are
the same in both SLAM and C-SLAM. Thus, we refer the reader to [1,64,65] for surveys of

the current techniques.

Conversely, inter-robot loop closures relate poses of different robots trajectories. They are the
seams that stitch together the estimates from multiple robots: they draw connections between
the individual robots’ local maps to build the global understanding of the environment.
Generating inter-robot loop closures is the main focus of contributions to the front-end of

C-SLAM systems, and key to ensure consistency of the estimates.
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2.5.1 Direct vs Indirect Inter-Robot Loop Closures Measurements

Inter-robot loop closures can be classified as direct or indirect [40]. Direct inter-robot loop
closures occur when two robots meet, and they are able to estimate their current relative loca-
tion with respect to each other through direct sensing. Indirect inter-robot loop closures are
produced by looking back into maps to find partial overlaps for places that have been visited
by both robots. Given these measurements, the robots can estimate the relative transforma-
tion between their maps. In general, indirect inter-robot loop closures detection produce more
measurements and usually achieve a higher accuracy, but require more communication and
processing. Indeed, the detection process is often the communication bottleneck of C-SLAM
given the large amount of data required to compare landmarks between the individual local

maps [66].

Direct Inter-Robot Loop Closures

The idea of direct inter-robot loop closures is to compute the relative pose between two or
more robots when they physically meet in the same location. This is usually done through
direct sensing of one another. For example, [40] operated a quadcopter and a ground robot
and the latter was equipped with a checkerboard pattern that could be detected by the
quadcopter’s camera. [67] used a combination of direct and indirect detection approaches,
where colored cylinders were installed to be detected by omnidirectional cameras. In addition,
[68-70] propose to replace visual loop closures by Ultra-Wide Band (UWB) measurements
from beacons onboard the robots. Given a few distance measurements provided by the UWB
sensors, the robots can estimate their current relative pose with respect to each other and

establish a common reference frame.

Indirect Inter-Robot Loop Closures

Indirect inter-robot loop closure detection is the extension of single-robot loop closure de-
tection to multiple maps. In fact, approaches to find indirect inter-robot loop closures often
rely on the same core algorithms as intra-robot loop closures. The first challenge is the
loop closures detection, which consists of detecting overlaps between the individual maps.
This task is usually handled by a place recognition module which can efficiently compare
new observations against previous sections of the robots’ maps. Following place recognition
matches, geometric estimation is performed to compute the relative pose between the two

places.

In the case of visual sensors, the place recognition problem has been studied extensively [65].
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The seminal work of visual bags of binary words [71] is still popular, but newer approaches
based on deep learning, such as NetVLAD [72], are more accurate and data-efficient. Loop
closure relative pose measurements can be computed using visual features matching and

multi-view geometry [73].

Finding inter-robot overlaps is a harder task with 3D point clouds given the dense data
that need to be shared and the lack of expressive features to perform place recognition.
To that end, compact and robust global point cloud descriptors [74] can be relied upon to
compare point clouds for place recognition. Other approaches extract features from the point
cloud that can serve for place recognition while providing initial guesses for later geometric
alignments [18], or even directly compute loop closure measurements [75]. While the classical
Iterative Closest Point method [76] is still commonly used in single robot SLAM to compute
relative pose measurements between two matching point clouds, it is not well suited for multi-
robot operation due to its reliance on a good initial guess, which is usually not available
between the robots’ local maps. To handle the initialization problem, early work from [77]
presents a correlation-based algorithm that can be efficiently solved on a GPU for real-
time scan matching. Another common solution is to use submaps matching for both stereo
cameras [78-80] and lidars [18,81]. During this process, multiple laser scans or 3D point

clouds are clustered into submaps which can in turn be registered more efficiently.

2.5.2 Heterogeneous Sensing

In many applications, the teams of robots are composed of different platforms equipped
with different onboard sensors. Heterogeneous sensing comes with the additional challenge
of matching map data in different representation to perform relocalization and/or map fu-
sion. To this end, a recent study evaluated the repeatability of existing keypoint detectors
between data from stereo cameras and lidars For example, when matching data from both
stereo cameras and lidars, one needs to chose repeatable 3D feature representations that are
consistent despite the differences in density and field-of-view [82]. Another approach is to use
an intermediate map representation that can be produced by different kinds of sensors [83].
For example, [84] proposes to compare elevation maps that are invariant to sensor choice:

lidars or cameras.

2.5.3 Non-Conventional Sensing

While most C-SLAM techniques use the typical SLAM sensors (i.e., lidars and monocu-
lar, RGB-D, or stereo cameras), many recent research works have explored the use of non-

conventional sensors: [85] uses omnidirectional (i.e., fish-eye) cameras, [86] performs C-SLAM
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with event-based vision sensors, and [87] integrates ambient radio signals (i.e., signals of op-
portunity) into their system. In a similar vein, [88] leverages existing WiFi access points
in most indoor environments to perform loop closures based on their radio signal finger-
print. Alternatively, some approaches use only a few higher-level landmarks, such as objects,
for tracking and place recognition [89,90]. This type of approach have regained popularity
with the increasing performance of deep learning-based methods in semantic segmentation

as discussed in Section 2.9.5.

2.6 C-SLAM Back-End

As mentioned before, the role of the C-SLAM back-end is to estimate the state of the robot
and the map given the front-end measurements. The difference with single-robot SLAM is
the presence of inter-robot measurements, the need to reach consensus, and the potential
lack of an initial guess since the global reference frame and the starting positions of the
robots are usually initially unknown. Nevertheless, similar to single-robot solvers, C-SLAM
back-ends are roughly divided in two main categories of inference techniques: filtering-based
and smoothing-based. Although filtering-based approaches were the most common among the
early techniques (e.g. EKF [91] and particle filters [92]), smoothing-based approaches quickly
gained in popularity and are currently considered as superior in most applications [93]. This
section provides an overview of the different categories of estimation workhorses for C-SLAM

and presents examples from the literature.

2.6.1 Filtering-Based Estimation

Filtering approaches are often characterized as online in the sense that only the current
robot pose is estimated and all previous poses are marginalized out [31] at each time step.
Consequently, the estimation of the posterior in eq. 2.1 at time ¢ only depends on the posterior

at time ¢t — 1 and the new measurements.

The classical filtering technique for nonlinear problems (i.e., all problems in robotics except
trivial ones) is the Extended Kalman Filter (EKF). It has been applied to C-SLAM in
various ways among which the information filter method presented in [94]. In a nutshell,
EKF are Gaussian filters that circumvent the linear assumptions of Kalman filters through
linearization (i.e., local linear approximation); however, the linearization process potentially
leads to inconsistencies when the noise is too large. A major advantage of EKF techniques
[94-97] over smoothing techniques is that the covariance matrix is available without requiring

additional computation, which can be useful for feature tracking or active exploration. For
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example, one could prioritize the exploration in the most uncertain directions. Yet, an
explicit covariance matrix is rarely required, so alternative filtering techniques seek to avoid

its computation, such as the smooth variable structure filters approach presented in [98].

Building on the EKF, Rao-Blackwellized Particle Filters (RBPF) [99] are another popular
filtering approach for the C-SLAM problem. Techniques, such as [100], use samples (particles)
to represent the posterior distribution in eq. 2.1 and perform variable marginalization using
an EKF which drastically reduce the size of the sampling space. [101] extends on [100]
and improves its consistency while making it fully distributed. [102] adapts RBPF to visual
C-SLAM and [103] showcases the potential of RBPF C-SLAM for industrial applications.

It is important to note that, according to theoretical analysis results [104], reducing the
number of relative position measurements between the robots to a minimum, to limit com-
munication and computation, only inflicts a small penalty on the localization performance. It
was also shown that the presence of even only one robot equipped with an absolute position-
ing sensor is enough to bound the positioning uncertainty of the whole team. Additionally,
analytical upper bounds can be computed to predict the positioning uncertainty as function
of the size of the explored area, the number of landmarks, the number of robots, and the

accuracy of the onboard sensors [105]. Those theoretical results can be of great use in the

design of a C-SLAM system.

2.6.2 Smoothing-Based Estimation

Besides the linearization error, another drawback of filtering techniques is that the marginal-
ization of past pose variables leads to many new links among the remaining variables. Indeed,
the elimination of each pose variable leads to interdependence between every landmark vari-
ables to which it was connected. As a result, the variables become increasingly coupled and
this leads to more computation. This problem also affects smoothing approaches, but a clever
ordering during variable elimination can significantly reduce its impact on performance [106].
Moreover, in smoothing, there is less marginalization required which means that the variables
will stay sparsely connected. This sparsity is exploited by modern solvers to yield significant
speed-ups [93]. In addition, unlike filtering-based approaches, smoothing techniques improve
their accuracy by revisiting past measurements instead of only working from the latest esti-
mate. Hence, filtering techniques fell out of favor due to the better performance of smoothing
both in terms of accuracy and efficiency. Moreover, in the context of C-SLAM, the sparsity

reduces the amount of data to be exchanged during the estimation process [107].

In order to formalize the estimation problem solved by C-SLAM back-ends, we present a

general smoothing formulation for pose-graph C-SLAM with two robots («, 8) in which the
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map landmarks are marginalized into odometry and loop closure measurements. The robots
poses and measurements are elements of the special Euclidean manifold SE(d) where d is the

dimension of the problem (i.e., 2 or 3) [108].

First, assuming that the measurements noises are uncorrelated, we can factorize eq. 2.4 as

follows:

(X7, XB) = argmax p(Za, Zg, Zop| Xa, Xp)

Xo, X5
l m
= argmax (H 7l Xa) 11 (25 X3) (2.5)
XX \i=1 j=1
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where p(2% | X?) is the likelihood of the it measurement of robot « (i.e., 2¢) given the subset
of variables X! on which it is dependent, p(zé|X é) is the likelihood of the j"* measurement of
robot 3 (i.e., zé) given the subset of variables X é on which it is dependent, and p(z%,| X%, X5)
is the likelihood of the k' inter-robot measurement (i.e., z(’;ﬂ) given the subset of variables
Xk and X g There are [ measurements related only to state variables from robot «, m
measurements related only to state variables from robot 3, and n measurements related to

state variables from both robots.

Second, assuming that the measurements are disturbed by zero-mean Gaussian noise with
information matrix € (i.e., inverse of the covariance), we can express the individual measure-

ment likelihood as

(X - ) 26

where h% is a function that maps the state variables to the measurements.

. ) 1
P(z0|X4) o exp (—2 |

Third, since maximizing the likelihood is equivalent to minimizing the negative log-likelihood,

we obtain the following nonlinear least squares formulation of problem 2.4:
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This nonlinear least squares problem can be solved either on a single computer or in a

+ Z |k s(xE, Xh) = 2k
k=1

distributed fashion. In the centralized case, one can simply use single-robot pose graph
optimization solvers [4,109-111]. Incremental single-robot solvers [112] can also be adapted
for the centralized C-SLAM problem to continuously update the global pose graph with the
latest measurements from the robots [113]. Recently, a client-server architecture has been
proposed in which resource-limited clients (e.g. robots or mobile phones) only optimize small
parts of the map while the server processes the rest [114]. This centralized and distributed
approach allows for accurate real-time state estimation even with limited computation and

memory capacity onboard the clients.

Among the distributed solvers, many early techniques used Gaussian elimination [89, 115,
116]. Although popular, those approaches require the exchange of dense marginals which
means that the communication cost is quadratic on the number of inter-robot measurements.
Furthermore, those approaches rely on linearization, so they require complex bookkeeping
to ensure the consistency at the linearization point within the team of robots. To reduce
the complexity, [117] introduces a distributed marginalization scheme to limit the size of the

optimization problem.

More recently, the approach in [53] leverages the Distributed Gauss-Seidel algorithm intro-
duced in [118] to solve eq. 2.7. This technique avoids complex bookkeeping and information
double-counting in addition of satisfying privacy constraints by exchanging minimal informa-
tion on the robot individual trajectories. In another line of work, [119] extends a single-robot
incremental solver [112] towards distributed multi-robot setups. This is useful in online
missions as it can update the current estimate based on the latest observations without

recomputing the whole problem.

Optimization on Riemannian manifolds [120] has also been considered extensively to solve
the C-SLAM problem [121,122]. Approaches in [123-125] introduce a multi-stage distributed

Riemannian consensus protocol with convergence guarantees to globally optimal solutions in
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noiseless scenarios. Expanding on those ideas, a recent technique [126], based upon a sparse
semidefinite relaxation, provides exactness guarantees even in the presence of moderate mea-
surement noise. Moreover, this latter technique has been extended to consider asynchronous
scenarios and parallel computation [127], which are often critical to deal with communication

delays inherent to multi-robot systems.

2.6.3 Other Estimation Techniques

Other estimation techniques have been proposed for C-SLAM. Among them, the distributed
Jacobi approach has been shown to work for 2D poses [128]. [129, 130] look into consensus-
based algorithms and prove their convergence across teams of robots. Also, apart from the

solver itself, researchers have studied which measurement and noise models are the best suited
for C-SLAM [131].

We observe that more exciting new directions are still being discovered, considering that re-
cent approaches such as [126] have been shown to outperform, both in accuracy and conver-
gence rate, the well established Distributed Gauss-Seidel pose graph optimization method [53]
reused in many state-of-the-art C-SLAM systems such as [37,62,132]. Those promising
approaches also include the majorization-minimization technique from [133], the consensus-
based 3D pose estimation technique inspired by distributed formation control from [134,135],

and [136] distributed estimator based on covariance intersection.

2.6.4 Perceptual Aliasing Mitigation

As it is the case in single robot SLAM, loop closure detection is vulnerable to spurious
measurements, i.e., outliers, due to perceptual aliasing. This phenomenon occurs when two
different places are conflated as the same during the place recognition process. This motivates
the need for robust techniques that can detect and remove those outliers to avoid dramatic
distortions in the C-SLAM estimates. A common approach is to adopt a robust objective
function less sensitive to outliers [5, 137-140]. Outliers mitigation might also help against

adversarial attacks by rejecting spurious measurements injected by a nefarious agent.

The classic approach to remove outliers is to use the RANSAC algorithm [141] to find a set of
mutually consistent measurements [113]. While RANSAC works well in centralized settings,
it is not adapted to distributed systems. Therefore, researchers recently explored other ways
of detecting outliers such as leveraging extra information from the wireless communication
channels during a rendezvous between two robots [132]. Since such approaches work only

for direct inter-robot loop closures, there is a need for general robust data association in
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the back-end. To that end, [142] uses expectation maximization to infer which inter-robot
measurements are inliers and which ones are outliers. One currently popular approach in
C-SLAM is the use of pairwise consistency maximization to search for the maximal clique
of pairwise consistent measurements among the inter-robot loop closures [143]. [62] intro-
duces a distributed implementation of this technique which does not require any additional
communication when paired with distributed pose graph optimization, while [144] proposes
an incremental version, and [145] extends the pairwise consistency evaluation with a data
similarity metric. Another recent work [63] extends to distributed setups the Graduated
Non-Convexity approach for outlier rejection previously applied to single-robot SLAM [140].
It is important to note that those latest approaches only apply to smoothing-based C-SLAM

since, unlike filtering, it allows the removal of past measurements from the estimation.

2.7 System-Level Challenges

Along with the front-end and back-end specific challenges, some issues and design choices
affect the whole C-SLAM system. As in single-robot SLAM, the map representation has
strong repercussions on motion tracking, place recognition and state estimation. On top of
this, multi-robot systems (described in Section 2.4.1) present unique challenges to C-SLAM

in terms of communication and coordination.

2.7.1 Map Representation

When designing large multi-robot systems, the choices of map representation could affect
computation load, memory usage, and communication bandwidth. First, it is important to
note that an interpretable map is not always required. For example, when the sole objective
is collaborative localization, a feature map can be sufficient. In those cases, each robot locally
tracks landmarks, or features, and searches for correspondences in other robots’ feature maps
to obtain indirect inter-robot loop closure measurements. The local feature maps can be
merged frequently so that the robots can navigate and track features in a global map, or
they can be shared on demand upon place recognition events. This way, the robots can
operate in the same reference frame without the computation and communication burden of

building an interpretable map model.

When required, the chosen map representation depends on the mission objective and envi-
ronment. For example, in the case of ground robots in flat indoor environments, a 2D map
might be sufficient [146]. In those scenarios, occupancy grid maps have been shown to be a

compact and more accurate solution [55,147] than feature-based maps [148]. However, 3D
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representations are sometimes required (e.g. for rough terrain navigation) at the cost of more
computation, storage, and communication, which can be difficult to handle when resources
are limited on the robots. Given the communication constraints in C-SLAM systems, com-
pact or sparse representations, such as topological maps [149,150], are often preferred. In the
same vein, some works aim for semantic-based representations in the form of sparse maps
of labelled regions [90]. Map representations can also affect long-term operations due to the

increasing size of the map in memory [151], which is also a challenge in single-robot SLAM.

2.7.2 Efficient and Robust Communication

One of the core implementation differences between SLAM and C-SLAM is the need for com-
munication and coordination within the robotic team. For efficiency, the required bandwidth
needs to be minimal, and the communication network needs to be robust to robot failures

and varying topologies.

The communication bottleneck of a C-SLAM system is generally caused by the exchanges of
sensor data or representations used to compute inter-robot loop closures [66]. Robots need
to share enough data to detect whether other robots have visited the same area, and then
estimate a map alignment using any overlapping sections of their maps. Hence, contributions
to the front-end of C-SLAM systems often consist of mechanisms to perform an efficient search
for loop closure candidates over a team, considering communication constraints. Conversely,

the back-end generally relies on a pose-graph which can be shared without the need for large
bandwidth.

Efficient Data Sharing

While some early techniques simply share all the data from one robot to another, new sensors
produce increasingly rich and dense data. The days of raw sensor data transmission are over
and most current techniques in literature opt for some sort of compression or reduction. Even
among the early techniques [152], the idea of a communication budget has been explored.
More recently, the topic has gathered more attention with new techniques carefully coordinat-
ing the exchange of data when two robots meet, accounting for the available communication
and computation resources [153-156]. One idea is to compress the generated maps using
self-organizing maps obtained through unsupervised learning [157,158]. The use of compact
representations has also been explored with high-level semantic features: [90] relies on objects
as landmarks, needing to communicate only object labels and poses to other robots, and [159]
presents a compact object-based descriptor relying on the configuration of objects in a scene

to perform place recognition. In addition to making representations compact, it is useful to
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ensure that only helpful information is shared. Hence, [160] introduces a novelty metric so

that only sufficiently novel measurements compared to the existing map are transmitted.

The problem has been extensively studied specifically for visual C-SLAM: [66] proposes to
share visual vocabulary indexes instead of feature descriptors to reduce the required band-
width. Other approaches focus on scalable team-wide place recognition by assigning each
robot with a predetermined range of words from a pretrained visual bag of words [161], or
regions of full-image descriptors [162]. [163,164] remove landmarks that are not necessary for
localization, [165] introduces a new coding to efficiently compress features, and [166] proposes

data sharing algorithms specialized for visual inertial C-SLAM.

In some extreme cases, communication is severely limited due to the properties of the trans-
mission medium or the large distance between the robots: [12,107] explore the special case of
underwater operations with low bandwidth acoustic communication, and [79] considers long
distance radio modules with very limited bandwidth to build the collaborative map through

small incremental updates.

Network Topology

Another important aspect to consider is the network topology. Current techniques either
assume full connectivity, multi-hop connectivity or are rendezvous-based. Full connectivity
means that each robot can directly communicate with all other robots at any time such as
in [161,162]. Multi-hop connectivity implies that robots can only share information with
their neighbors and it might require multiple neighbor-to-neighbor transmissions to reach all
robots [167,168]. Rendezvous-based communication means that the robots share data only
when they meet and, therefore, do not require any connectivity maintenance. Rendezvous-
based C-SLAM also offers the opportunity to perform direct inter-robot loop closure detection

during the encounters [67].

The impact of the network topology is especially important during the inference step because
disconnections or multi-hop paths can lead to inconsistencies or synchronization issues. Thus,
[169, 170] examine the conditions that allow distributed inference to reach the same result
as a centralized equivalent approach. Another approach [171] leverages the progress in the
field of distributed computing to improve the robustness to connectivity losses, while [172]
evaluates the use of Wireless Sensor Network-based communication which is less reliable and

predictable, but offers a flexible architecture with self-organization capabilities.
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2.8 Benchmarking C-SLAM

Despite the tremendous progress in the field during the last decade, C-SLAM techniques face
tough challenges in terms of reproducibility and benchmarking. C-SLAM systems involve
multiple software modules and lots of different hardware components, making it hard to
replicate perfectly. While standardized benchmarking approaches have been emerging for

single-robot SLAM [173], such systematic evaluation techniques are still lacking for C-SLAM.

Moreover, only a few datasets dedicated to C-SLAM exist. [174] consists of 9 monocular
camera subdatasets and [175] is dedicated to stereo-inertial C-SLAM. Therefore, the common
approach to evaluate C-SLAM solutions is to split single robot SLAM datasets into multiple
parts and to associate each one to a robot. When splitting the dataset, careful attention has
to be given to ensure the presence of overlaps between the parts for loop closing. In addition,
one should avoid overlaps near the cutting points, where the viewpoint and lighting conditions
are exactly the same since they depict the same place viewed by the robot at the same point
in time: this kind of overlaps is highly unrealistic in multi-robot operations. One of the
most used dataset in the literature is the KITTI self-driving car dataset comprised of lidar
and stereo camera data [176]. New datasets of interest include KITTI360 [177] which adds
fish-eye cameras, the very large Pit30M lidar and monocular camera dataset that contains
over 30 million frames [178], and the DARPA SubT datasets which come with standardized
evaluation tools for SLAM [179,180].

2.9 Open Problems and Ongoing Trends

This section presents open problems and trending ideas in the research community to improve
C-SLAM. These new trends push the boundaries of what C-SLAM can do and offer an

exciting view of the field’s future.

2.9.1 Resilient Inter-Robot Communication

Although the limitations of inter-robot communication have been a major concern since the
inception of C-SLAM, it is still one of the main open problems in the field. In particular,
there is a need for resilient communication strategies, aiming beyond robustness to endure
unexpected disruptions and ensure swift recovery [181]. Delays and dropouts are inevitable
in realistic systems, and their effects are amplified when multiple robots operating simulta-
neously are flooding the network. Delays and out-of-sequence messages can have dramatic
effects on real-time robot control which heavily relies on accurate and up-to-date state es-
timates from C-SLAM [182], and yet they still have not been thoroughly addressed by the
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research community. Instead, current approaches focus primarily on minimizing communi-
cation, which can be achieved, for example, by posing distributed loop closure detection as

an optimization problem subject to a budget constraint on total data transmission [154].

Another open problem inherent to C-SLAM and inter-robot communication is the risk of
adversarial attacks. In a future in which robots, such as autonomous cars, collaborate on
a large scale, security and data integrity will be one of the major concerns of consumers.
In addition to the usual risks of infection and hijacking, byzantine data manipulation could
lead to map merging poisoning and intentionally erroneous C-SLAM estimates [183]. Thus,

further investigation and more efforts have to be deployed on system security.

An interesting, yet still underdeveloped, trend is to leverage the communication medium for
inter-robot measurements. This has been successfully done with UWB [68-70] or WiFi [88],
and could be a promising avenue using multipath analysis with channel estimators in 5G
networks [184]. Future techniques might even sidestep inter-robot data transfer completely
by communicating via sensor observations of each other and predetermined cues such as

visual tags or behavioral patterns [40].

2.9.2 Managing Limited Computing Resources

Aside from communication, computational constraints are an essential consideration in robotics
since robots are usually equipped with limited onboard processing devices. It is particularly
important in C-SLAM where multiple sub-processes from sensory analysis to inter-robot
communication need to be run simultaneously. Thus, to support the current expansion of
C-SLAM capabilities, there is a constant need for efficiency gains. In fact, computation im-
provements are often at the forefront of new trends in C-SLAM such as the rise of semantic
methods, discussed in Section 2.9.5, which were enabled by GPU-based deep learning [185].
Moreover, as discussed in Section 2.9.6, many new applications of C-SLAM are designed for

even smaller platforms such as mobile phones.

Centralized techniques are a natural solution to limited onboard computation capabilities,
and, in that regard, recent research suggest that C-SLAM could efficiently leverage the
progress in cloud computing. The connection between the two fields is somewhat intuitive:
why perform all the processing on robots with limited resources when we could use powerful
remote clusters of servers instead? For example, [186] offloads the expensive map optimization
and storage to a server in the cloud. [187] proposes a cloud robotics framework for C-SLAM
based on available commercial platforms. Using a similar approach, [188] manage to perform
C-SLAM with up to 256 robots. This is orders of magnitude more than the current techniques

based on onboard computation can achieve.
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However, while cloud techniques solve the problem of limited computing power onboard the
robots, they still face the issue of limited communication bandwidth which is exacerbated
when many robots transmit their data through a single communication link. Hence, instead
of using remote servers, other strategies need to be explored. For example, a subset of a team
of robots could act as a computing cluster to free other robots from the heavy computation
burden [189]. Such moving clusters performing computing closer to the sources of data are in
accordance with the edge computing paradigm [190] to save bandwidth and reduce response
time [191].

2.9.3 Adapting to Dynamic Environments

Another inherent problem in multi-robot system is the presence of moving objects in the
environment (e.g. people or vehicles). In this regard, the other moving robots in the team
are especially problematic. This is a substantial issue since SLAM techniques rely on the
tracking of static landmarks. Attempting to solve this problem, [192] proposes the simple
idea of pointing the cameras towards the ceiling when operating indoors with ground robots
so that they cannot see each other. [193] proposes instead to classify dynamic points using the
reprojection error and to keep only the static points for estimation. In a different vein, [194—
196] and more recently [197] extend upon the Rao-Blackwellized particle filters framework to
track moving features, potentially neighboring robots, and remove them from the estimation
process. Those works use Random-Finite-Sets which were originally developed for multi-
target tracking. This way, they manage to incorporate data association, landmark appearance
and disappearance, missed detections, and false alarms in the filtering process. Nevertheless,
handling dynamic landmarks remains an open topic given that most current works still rely

on static environment assumptions.

2.9.4 Active C-SLAM

The concept of active C-SLAM comes from the powerful idea that while C-SLAM naturally
improves path planning and control, path planning and control can also improve C-SLAM.
Interestingly, some of the earliest works in collaborative localization were already leveraging
coordination between robots to improve accuracy. Instead of mapping the environment, they
relied on subsets of robots, in alternance, to serve as landmarks for the others [198,199]. In
an interesting turn of events, the recent progress in C-SLAM has brought back this active

sensing trend to the forefront of research.

In C-SLAM, gains can be made by leveraging the coordination between the mapping robots.

Having feedback loops to the C-SLAM algorithm allows path planning optimization for faster
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coverage and mapping of the environment [200,201]. To achieve those goals, [202] aims to
minimize the global exploration time and the average travelled distance among the robots.
Other examples of the coupling between path planning and SLAM include [203], which shows
the advantages of UAVs flying in formation for monocular C-SLAM, and [204] which uses
deep Q-learning to decide whether a robot should localize the others or continue exploring

on its own.

Active C-SLAM can also increase the estimation accuracy. To that end, [205] uses reinforce-
ment learning to determine the best moment to merge the local maps, and [206] leverages
instead the covariance matrix computed by the EKF-based inference engine to select trajec-
tories that reduce the map uncertainty. Similarly, [207] develop a theoretical approach to
design a sensor control policy which minimizes the entropy of the estimation task, while [208]
proposes to broadcast the weakest nodes in the C-SLAM pose graph topology to actively in-

crease the estimation accuracy.

Those works are most likely the mere beginning of active C-SLAM research given that
C-SLAM systems are now being integrated on actual industrial, scientific or consumer robots,

opening many possibilities of interaction between C-SLAM and other robotics subsystems.

2.9.5 Semantic C-SLAM

With the rise of deep learning and its impressive semantic inference capabilities, a lot of
interest have been directed towards semantic mapping in which the environment is inter-
preted using class labels (i.e., person, car, chair, etc.). Representing maps as a collection of
objects or semantic classes usually leads to much more compressed representations of the en-
vironment [209], and this can be especially beneficial for C-SLAM. Indeed, fewer landmarks
and smaller maps are better suited to tight communication constraints since they reduce the

amount of data sharing between the robots.

Semantic segmentation was first applied to C-SLAM in [210] which detects blobs of colors as
salient landmarks in the robots maps. [90] later leverages deep learning-based object detection
to perform object-based C-SLAM. However, such object-based techniques rely heavily upon
the presence of many objects of the known classes in the environment (i.e., classes in the

training data). Thus, they do not generalize well to arbitrary settings.

The other current preferred approach for semantic C-SLAM is to annotate maps of the en-
vironment with class labels. For example, [159,211] use constellations of landmarks each
comprised of a 3D point cloud, a class label and an appearance descriptor. The relatively

small number of semantic landmarks reduces the required inter-robot communication sig-
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nificantly. [212] considers the joint estimation of object labels and poses in addition to the
robots poses in order to improve both estimates. [144] build instead globally consistent local
metric maps that are enhanced with local semantic labelling, hence preserving the accuracy
of pure geometric C-SLAM approaches while incorporating useful high-level information in

the robots individual maps.

The tremendous progress still occurring in the field of deep learning strongly suggests that
there is more to come in terms of integration with C-SLAM and enhanced collaborative

understanding of the environment.

2.9.6 Augmented Reality

Apart from the well known UAV or self-driving cars applications, Augmented Reality (AR) is
probably one of the biggest field of application of SLAM. Indeed, SLAM makes markerless AR
applications possible by building a map of the surrounding environment which is essential
to overlay digital interactive augmentations. In other words, SLAM is required to make
AR work in environments without motion capture, localization beacons or predetermined
markers. In the foreseeable future, AR applications and games will push for multi-agent
collaboration and this is where C-SLAM comes into play [213,214]. To that end, [215]
proposes a centralized approach in which virtual elements are shared by all agents, and [216]
introduces a decentralized AR technique with smartphones, making use of the visual and
inertial sensors already present in those devices. In a similar vein, [217] presents a resource-
aware technique capable of trading off accuracy to adjust the computational cost to the

available resources on mobile devices.

Some other techniques also look at the tremendous potential of collaborative AR for intuitive
human-robot interfaces which is especially complex when the number of agents (i.e., humans
or robots) and viewpoints increases. For example, to improve supervised mapping tasks, [218]
equips a human operator with an AR system to edit and correct the map produced by a robot
during a mission. Interestingly, [219] goes in the opposite direction: humans equipped with
smartphones map an environment and get feedback from a central server to indicate which

unscanned areas still need to be explored.

Augmented Reality might soon become the main application of C-SLAM in our daily lives,
but there is still a lot of research work ahead to efficiently satisfy its inherent constraints and

achieve robust large-scale deployments.
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2.10 Conclusions

In this paper, we presented the core ideas behind Collaborative Simultaneous Localization
and Mapping and provided a survey of existing techniques. First, we introduced the basic
concepts of a C-SLAM system. We provided explanations and bits of historical context to
better understand the astonishing progress recently made in the field. Then, we presented the
building blocks of a typical C-SLAM system and the associated techniques in the literature.
We also touched upon the difficulties of reproducibility and benchmarking. Afterwards, we
explored new trends and challenges in the field that will certainly receive a lot more interests
in the future. In summary, we focused on providing a complete overview of the C-SLAM

research landscape.

We have shown, through numerous examples, how C-SLAM systems are varied and need
to match closely the application requirements: sparse or dense maps, precise or topological
localization, the number of robots involved, the networking limitations, etc. We wish for this
survey to be a useful tool for C-SLAM practitioners looking for adequate solutions to their

specific problems.

Nevertheless, despite the current growing interest for C-SLAM applications, it is still a young
topic of research and many fundamental problems have to be resolved before the advance
of C-SLAM-based commercial products. In particular, we believe that current systems scale
poorly and are often limited to very few robots. So, a lot of work is still required to achieve
large teams of robots building maps and localizing themselves collaboratively. We also note
the growing interest for semantic C-SLAM to make robotic maps more interpretable and
more actionable. Scene understanding techniques in the computer vision field could bring
more compact and expressive environment representations into the SLAM system, which po-
tentially increase the map readability while reducing the inter-robot communication burden.
Furthermore, the rise of AR, in conjunction with C-SLAM and semantics, will offer incred-
ible opportunities of innovation in the fields of collaborative robotics, mobile sensing, and

entertainment.
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CHAPTER 3 ADDITIONAL RECENT RESEARCH

This chapter extends the literature review presented in the previous chapter, focusing on new
approaches and emerging trends in collaborative SLAM (C-SLAM) that have arisen in the
two years since the survey’s publication. These advancements reflect the rapid evolution of
the field, particularly in areas such as place recognition, object-based map representations,

state estimation, dataset availability, and the integration of foundation models.

Shortly after the publication of the initial survey, Cramariuc et al. [220] introduced a novel
modular, multi-modal centralized C-SLAM framework. This adaptable framework has al-
ready been extended to support collaboration between augmented reality (AR) devices and
robots, as shown by Chen et al. [221]. Such integration opens new possibilities for human-
robot interaction, enabling AR devices to actively contribute to map-building and localization

alongside robotic agents.

In the domain of place recognition, Dutto et al. [222] proposed a promising technique to train
visual place recognition neural networks in a distributed manner using federated learning.
This method enables teams of robots to collaboratively train a shared place recognition model
while exploring their environment, enhancing adaptability and accuracy without the need
for centralized data collection. In another line of work, Keetha et al. [223] and Ramtoula et
al. [224] propose techniques that achieve state-of-the-art visual place recognition performance
with minimal or no task-specific training. These methods leverage recent large self-supervised

pretrained models [225], which have demonstrated strong generalization across diverse tasks.

A notable trend in recent years is the resurgence of object-based map representations, often
structured as scene graphs that connect objects and locations through relational edges. When
a sufficient number of recognizable objects are present in the environment, these scene graphs
can be collaboratively constructed and serve as robust map representations for C-SLAM [226—
228]. This approach provides a semantically rich map structure, enhancing both navigation

and interaction capabilities in complex environments.

In terms of state estimation, several innovative methods have emerged to enhance the effi-
ciency and scalability of C-SLAM. McGann et al. [229] introduced an incremental distributed
pose graph optimization technique, enabling faster state estimation by avoiding the need to
recompute the entire problem with each new measurement. Another notable advancement is
from Murai et al. [230], who utilized Gaussian Belief Propagation [231] for fully distributed
and scalable localization. This approach holds particular promise for swarm robotics, where

large numbers of robots must achieve efficient and precise co-localization. While distributed
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methods still face challenges with slower convergence speeds compared to centralized ap-
proaches, the field is advancing rapidly. This progress suggests that these more scalable

methods will play an increasingly important role in the future.

In support of SLAM and C-SLAM research across varied conditions and sensor configura-
tions, several new datasets have recently been introduced. Feng et al. [232] released a dataset
featuring three robots equipped with stereo and lidar sensors, operating in both indoor and
outdoor scenes. This range of environments is essential for a comprehensive evaluation of
C-SLAM systems performance. Zhu et al. [233] introduced a large-scale, multimodal dataset
featuring fourteen robots, including both ground and aerial platforms, covering kilometer-
long trajectories and providing high-quality ground truth data. This dataset incorporates
precisely fused GNSS signals with high-fidelity IMUs, providing the accuracy necessary to
track advancements as C-SLAM techniques approach sub-meter precision. Additionally, this
dataset will be instrumental for the progress of C-SLAM with heterogeneous platforms, as
merging maps from the differing perspectives of ground and aerial robots remains a signif-
icant challenge. Zhao et al. [234] contributed sequences recorded in degraded underground
environments and under various weather conditions. These challenging environments partic-
ularly affect front-end processes by hindering the generation of accurate map measurements.
Thus, this dataset is invaluable for improving the robustness of SLAM and C-SLAM systems

in adverse conditions.

Finally, the substantial increase in computational power and the availability of internet-
scale training datasets have spurred enthusiasm for foundation models—Ilarge-scale models
pretrained on vast datasets that generalize effectively across a range of domains and environ-
ments. For SLAM and C-SLAM, foundation models have already demonstrated impressive
capabilities in image matching and relative pose estimation [235-238|. The emergence of these
models has been facilitated by the introduction of a novel, challenging dataset and benchmark
for map-free relocalization [239]. Despite its name, map-free relocalization—defined as metric
pose relocalization relative to a single image—holds considerable relevance for C-SLAM. The
ability to infer a camera’s metric localization from a single image, or a small set of images,
could significantly improve the detection and computation of inter-robot loop closures, vital
for map merging. Thus, these models could dramatically extend C-SLAM’s applicability, en-
abling robots to operate across a wide variety of scenarios with minimal additional training

or calibration, and marking a significant frontier in SLAM research.
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CHAPTER 4 RESEARCH APPROACH

The research presented in this thesis is divided into five work packages (WPs), with each
WP corresponding to a published or submitted article. These WPs align along three primary

research axes, derived from the objectives outlined in Section 1.3:

e Accuracy and Resilience
« Resource Efficiency

o Adaptability

The relationships between these research axes and the work packages are illustrated in Fig. 4.1,

emphasizing how each WP contributes to these overarching themes.

Below is a summary of the five work packages (WPs):

« WP1: Self-Supervised Domain Calibration
This package (Chapter 5) presents methods for calibrating SLAM systems to adapt to
new environments through self-supervised learning. It proposes domain adaptation and
uncertainty estimation strategies, making SLAM solutions more robust when deployed

outside controlled laboratory settings.

« WP2: Swarm-SLAM - Sparse Decentralized Collaborative SLAM
This WP (Chapter 6) proposes a decentralized C-SLAM framework designed for ad-
hoc networks of robots collaborating in unknown environments. It introduces a new
inter-robot loop closure prioritization strategy based on recent advancements in graph
theory. The goal is to reduce communication overhead and accelerate map estimation

convergence within a multi-robot team.

« WP3: Field Experiments in Planetary Analogue Environments
This WP (Chapter 7) documents real-world deployment of Swarm-SLAM in a plan-
etary analogue setting. The experiments evaluate the framework under challenging
conditions, identifying both practical limitations and potential future research avenues.
It also introduces a novel dataset which include both sensor data for SLAM and inter-

robot throughput and latency estimates.

« WP4: MOLD-SLAM - Minimal Overlap Loop Detection SLAM
This work (Chapter 8) focuses on improving multi-robot SLAM by using foundation
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Figure 4.1 Work packages mapped along the three research axes.

models to detect loop closures even with minimal overlap between trajectories. The
WP addresses the challenge of associating data from largely different viewpoints and

trajectories, ensuring accurate map merging.

« WP5: PEOPLEx - Pedestrian Opportunistic Positioning Framework
This WP (Chapter 9) introduces PEOPLEx, a framework leveraging various sensors
(IMU, UWB, BLE, and Wi-Fi) to enable pedestrian positioning on commercial smart-
phones. It contributes to advancing SLAM applications beyond robotics.

4.1 Methodology

While each contribution addresses a different aspect of the SLAM problem, they follow a

unified research methodology. The methodology is summarized in the following steps:

e Problem Identification:
Identify real-world challenges in localization and mapping by engaging in practical
deployments with robotic systems. This step involves understanding the constraints

and operational difficulties encountered in realistic scenarios.

e« Formulate Hypotheses and Potential Solutions:
Develop hypotheses on the root causes of identified problems and propose potential so-

lutions. This stage involves brainstorming and refining initial ideas through discussions
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with collaborators.

« Create a Minimal Viable Solution (MVS):
Implement a basic version of the proposed solution to validate key hypotheses. Rapidly
prototyping ideas helps to identify flaws early, ensuring efficient progress toward robust

innovations.

e Incremental Solution Development:
Build upon the initial MVS by incorporating insights from preliminary testing. Iterate
through multiple cycles of design, validation, and testing to create a comprehensive

solution suitable for real-world deployment.

o Evaluate on Real-World Datasets:
Test the developed solutions using both public datasets and custom-collected data to

ensure broad applicability. Perform evaluations against benchmark from the literature.

e Deployment and Engineering Integration:
Deploy the solution on physical robots in real-world environments. This step ensures

that the developed system performs reliably outside laboratory conditions.

e« Benchmarking and Comparative Analysis:
Compare the performance of the developed solution with existing baselines. In this
thesis, benchmarking focuses on metrics such as localization accuracy, computation

time, and communication bandwidth.

We closely adhered to the research methodology described above to ensure meaningful results

and insights that can guide future research.

4.2 Document Structure

The remaining Chapters 5 to 9 present each contribution individually, with dedicated intro-
duction, related work, methods, experiments, discussion and conclusion sections. Chapter 10
provides a general discussion tying all the work together and extracting insights from this
body of research. It highlights the interconnections between different work packages and
offers reflections on the broader implications of the findings. The discussion also outlines
potential improvements and open challenges that could further advance the field. Finally,
Chapter 11 concludes this thesis by summarizing the work presented and suggesting future

research directions.
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CHAPTER 5 ARTICLE 2 : SELF-SUPERVISED DOMAIN CALIBRATION
AND UNCERTAINTY ESTIMATION FOR PLACE RECOGNITION

Preface: This article presents a self-supervised domain calibration method to improve visual
place recognition in unfamiliar environments, using SLAM-based pose graph optimization
without GPS or manual labeling. Our approach enhances both performance and uncertainty
estimation, offering a practical solution for robust, safety-critical applications.

This work focuses on the single-robot SLAM problem but is readily applicable to multi-
robot collaborative SLAM (C-SLAM). The following articles in this thesis address the C-
SLAM problem more directly. This work has been peer-reviewed and was published in IEEE
Robotics and Automation Letters (RA-L). The source code is available to the public at:
https://github.com/MISTLab/vpr-calibration-and-uncertainty.

Contributions: My contributions to this article include conceptualizing the project after
discussions with my supervisor, conducting a focused literature review on visual place recog-
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5.1 Abstract

Visual place recognition techniques based on deep learning, which have imposed them-
selves as the state-of-the-art in recent years, do not generalize well to environments vi-
sually different from the training set. Thus, to achieve top performance, it is sometimes
necessary to fine-tune the networks to the target environment. To this end, we propose
a self-supervised domain calibration procedure based on robust pose graph optimization
from Simultaneous Localization and Mapping (SLAM) as the supervision signal without
requiring GPS or manual labeling. Moreover, we leverage the procedure to improve un-

certainty estimation for place recognition matches which is important in safety critical ap-
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plications. We show that our approach can improve the performance of a state-of-the-art
technique on a target environment dissimilar from its training set and that we can obtain
uncertainty estimates. We believe that this approach will help practitioners to deploy ro-
bust place recognition solutions in real-world applications. Our code is available publicly:

https://github.com/MISTLab/vpr-calibration-and-uncertainty

5.2 Introduction
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Figure 5.1 Self-Supervised Domain Calibration and Uncertainty Estimation via Robust
SLAM: Using a single calibration sequence through a new environment, our proposed self-
supervised technique for visual place recognition verifies putative loop closures using recent
progress in robust pose graph optimization, and uses both the resulting inliers and outliers to
fine-tune the place recognition network. The place recognition network tuned to the new do-
main achieves better performance on subsequent sequences in visually similar environments,
and provides uncertainty estimates tailored to those environments. Our calibration approach
does not rely on GPS or any ground truth information, and can thus improve place recogni-
tion systems in any environment.

Visual Place Recognition (VPR) remains one of the core problems of autonomous driving and
long-term robot localization. Recognizing previously visited places is essential for decision-
making, to reduce localization drift in Simultaneous Localization and Mapping (SLAM), and
to improve robots’ situational awareness in general [65]. While VPR techniques based on
deep learning can achieve very high levels of accuracy on standard datasets [240], domain
generalization is still a major concern when the deployment environment is visually and/or

structurally different from the training data. The problem of domain discrepancies is espe-
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cially important for indoors or subterranean deployments since most popular approaches are
trained using GPS data on city streets images [72,241,242].

Generalization and feature transferability from one domain to another, are common issues
in deep learning [243]. The most common and effective approach is still to calibrate or
fine-tune, the representation to the testing domain. Given that most robots are deployed in
known domains (e.g. roads, warehouses, etc.), one can refine the network using additional
labeled samples directly from the known testing environment to tailor the representation to
the target domain. While an effective approach, the data labelling necessary to obtain new

training samples can be prohibitively expensive in practice.

To solve this problem, we believe that robust SLAM can be used as a self-supervised tool
for data mining in any environment without the need for external sensors or ground truth
information. In standard SLAM, place recognition errors are known to cause catastrophic
localization failures. However, recent progress in robust state estimation has shown that
such erroneous VPR matches can be detected and removed during pose graph optimization
(PGO) [5,140]. In other words, robust PGO leverages the 3D structure of the environment
and robot trajectory to classify VPR matches as correct and incorrect. Both correct and in-
correct matches can in turn be used to fine-tune VPR networks to improve their performance

or obtain uncertainty estimates.

Therefore, in this paper, we propose a self-supervised domain calibration approach to extract
new training samples from any target domains and improve VPR networks accuracy. In
addition, we propose a technique to train an uncertainty estimator for place recognition

using the new extracted samples.

First, we show that our self-supervised approach to gather training samples can be used to
train a VPR network from a pretrained classification model and achieve reasonable perfor-
mance, thus demonstrating the strength of our self-supervised training signal. We then show
that our approach can improve the performance of existing VPR solutions when applied
to environments that are visually different from their training domain, as well as providing

uncertainty estimates.

Previous self-supervised approaches [72,244] relied on GPS localization to extract training
samples from datasets by selecting images with minimal distance. However, this is not
suitable for GPS-denied environments such as indoor, underwater or underground. Also,
contrary to techniques using structure-from-motion (SfM) for data mining [245], our approach
leverages additional outlier samples identified with robust SLAM to further improve the VPR
network. Moreover, our approach is able to extract samples in any environment in which

odometry estimates can be obtained, leveraging sensors such as IMUs and wheel encoders
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that are not used in S{M.

Our approach offers practical benefits for the deployment of VPR systems in real applications:
it could be used to collect correct and incorrect training samples from a single calibration run
through an environment similar to the target domain, or could be employed online for lifelong
learning/tuning directly on the target environment. After calibration, the VPR network is
able to detect more correct matches and identify uncertain images. Moreover, by producing
fewer incorrect matches, it reduces the expensive computational burden of processing and

rejecting them [246]. Our contributions can be summarized as follows:

o A self-supervised training samples extraction method that does not require any external

sensor (e.g. GPS), ground truth or manual labelling;

o A VPR sample classification method in correct and incorrect matches based on robust
SLAM estimates;

e A domain calibration procedure for existing VPR techniques to improve their perfor-

mance on any target environment using both correct and incorrect samples.

o An uncertainty estimator leveraging the new correct and incorrect samples during train-
ing;
» Open-source packages for sample extraction, network refinement and uncertainty esti-

mation.

In the rest of this paper, Section 5.3 presents some background knowledge and related work,
Section 5.4 details the proposed approach, Section 5.5 demonstrate the effectiveness of the

technique, and Section 8.6 offers conclusions and discusses future work.

5.3 Background and Related Work

5.3.1 Visual Place Recognition

The ability to recognize places is crucial for localization, navigation, and augmented reality,
among other applications [247]. The most popular approach is to compute and store global
descriptors for each image to match, followed by an image retrieval scheme using a database
of descriptors. Global descriptors are usually represented as high-dimensionality vectors
which can be compared with simple distance functions (e.g. Euclidean or cosine distance) to
obtain a similarity metric between two images. The seminal work of NetVLAD [72] extracts

descriptors using a CNN and leverages Vectors of Locally Aggregated Descriptors [248] to
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get a representation well-suited for image retrieval. The descriptor network is typically
trained using tuples of images mined from large datasets. An anchor image is first chosen,
then positive and negative samples are selected based on close and far GPS localization,
respectively. A triplet margin loss pushes the network to output similar representations for
positive and anchor samples and dissimilar representations for negative ones. Recent work
has extended the concept of global descriptors by extracting local-global descriptors from
patches in the feature space of each image [241]. In another line of work, [242] proposed a
Generalized Contrastive loss (GCL) function that relies on image similarity as a continuous

measure instead of binary labels (i.e., positive and negative samples).

Recent works in place recognition have aimed at computing uncertainty estimates for indi-
vidual samples (i.e., images) using an uncertainty-aware loss during training [249-251]. This
loss function allows the system to reduce its confidence and the priority of samples with high
uncertainty. Similar to standard place recognition, the uncertainty estimates are dependent
on the training domain, meaning it is beneficial to train those estimates on the target do-
main. In this work, we use the Bayesian Triplet Loss from [250] for correct samples and a

Kullback-Leibler divergence loss for incorrect samples as described in Section 5.4.4.

5.3.2 Robust SLAM

In SLAM, place recognition is used to produce loop closure measurements between the cur-
rent pose (i.e., rotation and translation) of a robot and the pose corresponding to the last
time it has visited the place. Loop closure measurements are combined with odometry (i.e.,
egomotion) measurements in a graph representing the robot/camera trajectory. In other
words, the SLAM algorithm builds a pose graph with odometry links between subsequent
poses and loop closure links between recognized places. Pose graph optimization is then
performed to reduce the localization drift of the robot [1]. When using a global descriptor
method, such as NetVLAD, VPR serves as a first filter through potential matches, which
is followed by the more expensive task of feature matching and registration to obtain the
relative pose measurement corresponding to the loop closure. Due to the occurrence of per-
ceptual aliasing (i.e., when two distinct similar-looking places are confused as the same), some
loop closure measurements are incorrect and, if left undetected, they can lead to dramatic
localization failures [5]. This phenomenon is particularly important when computing loop

closures between multiple robots maps for collaborative localization [252].

To mitigate the negative effect of incorrect loop closure measurements during pose graph op-
timization, several approaches have been proposed. They vary from adding decision variables

to the optimization problem [5], to leveraging clusters in the pose graph structure [253]. For
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the purpose of this paper, we chose a recent approach based on Graduated Non-Convexity

which as been shown to efficiently achieve superior results [140].

It is important to note that these approaches allow us indirectly to classify loop closure

measurements, and by extension also VPR matches, as correct (inliers) or incorrect (outliers).

5.3.3 Domain Calibration

The goal of domain calibration is to improve the performance of a system on a target do-
main that is different from the training domain. This can be done through fine-tuning the
model using samples from the target domain or through more complex domain adaptation
approaches to enhance the generalization ability of the model. Domain calibration is also
a major concern for long-term visual localization in changing environments. As presented
in [254], one approach is to store multiple maps of the same environment to account for scene
variation. To ensure the scalability, [255] proposes to summarize the maps, and [256, 257

suggest the use of compressed or coarse representions based on Hidden Markov Models.

Our approach could be use to adapt the VPR network to appearance changes. In fact,
approaches in that line of research have been proposed for sequence adaption to cope with

changing weather conditions during long-term missions [258,259].

Interestingly, the exploitation of local feature patterns has been identified as a key to domain
adaptation since they are more generic and transferable than global approaches [260]. Alter-
natively, recent work have proposed to include geometric and semantic information into the
VPR latent embedding representation for visual place recognition [261] to better adapt to
the target domain. In another line of work, [262] uses temporal and feature neighborhoods
in panoramic sensor data to mine training samples for VPR fine-tuning: they classify sam-
ples as correct using geometric verification, as opposed to our work where we leverage recent

progress in robust SLAM.

Unlike related techniques based on GPS data [244], our approach is suited to any environment
in which an odometry system (i.e., visual inertial odometry, lidar-based odometry paired with
VPR, etc.) can be deployed, such as indoors, subterranean, or underwater. Our approach
also requires significantly less data than SfM-based approaches [245]. Moreover, we include
incorrect matches corresponding to loop closing outliers in the learning process to avoid such
occurrences in the improved network. In addition, by adding an uncertainty head to the
VPR network and using a Bayesian Triplet Loss [250], we are able to train an estimator for
the heteroscedastic aleatoric uncertainty [263] (i.e, uncertainty corresponding to a particular

data input) using only the extracted samples.
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5.4 Self-Supervised Domain Calibration and Uncertainty Estimation

The main challenge addressed by our method is to extract pseudo-ground truth labels for
training images. To tune the model to the target domain, we need to gather positive and
negative place recognition matches from a single preliminary run through the environment.
The classic approach is to use external positioning systems (e.g. GPS) to identify images
that where captured in the same location as positive samples and images captured in distant
locations as negative samples [72,244]. We aim to extend this data mining scheme to any
environment, regardless of the availability of ground truth localization. Our process is split
in three sequential steps. First, we perform SLAM on an initial run through the target
environment with a camera, or robot. In particular, we compute visual odometry, and we
gather putative VPR matches from an initial network that was not tuned to the specific
environment. Second, we sort the putative matches as correct or incorrect samples using
robust pose graph optimization. Third, we use all the resulting samples to fine-tune the
VPR network to the target domain and train an uncertainty estimator. A summary of the
method is illustrated in Fig. 5.1.

5.4.1 Finding VPR Matches

Global images descriptors can be complex structures such as Vector of Locally Aggregated
Descriptors [248], used in NetVLAD [72], or simply the features extracted from the penul-
timate layer of a standard classification network [264]. The descriptors are represented as a
vector f(I;), where f is the image representation extraction function and I; the i, keyframe.
As keyframes are processed, we store the computed global descriptors in a database. Then,
for each keyframe we query the best matches using nearest neighbors search, by sorting the
global descriptors based on the Euclidean distance d(q, I;) between the query descriptor f(q)
and the other images descriptors f(/;). This results in a sorted list of the best putative VPR
matches for each keyframe for the run through the environment. To avoid trivial matches in

the same location, we do not consider matches with keyframes in the vicinity of the query.

5.4.2 Classifying Matches

To filter the VPR matches, we first compute the relative pose between the pairs of images and
integrate this information, as loop closures, in the SLAM pose graph. For each keyframe,
we compute the relative pose between itself and the first image in its associated list (the
best match). If we are able to successfully compute a relative pose measurement (i.e., loop

closure), we store the two images as a (anchor, positive) training sample. Otherwise, we
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repeat the process with the next best match in the list. To obtain the negative samples, we
go through the remaining best VPR matches in the sorted list and select up to N images for
which a loop closure cannot be computed due to a lack of keypoint correspondences. N is set
according to the available GPU memory for training. This way, we ensure that we extract
the negative samples that appear the most similar to the anchor, yet that are not sufficiently
similar to compute a loop closure. In other words, we select the most valuable negative
samples for training, since they represent invalid VPR matches made by the uncalibrated
network. This results in training tuples (1 anchor, 1 positive, N negatives) for each keyframe

in the sequence.

Given the possible occurrence of perceptual aliasing, the computability of a relative pose
measurement between the current anchor and positive frames, is not enough to guarantee
that it is a correct place recognition match (see Fig. 5.2). Thus, we add the computed relative
pose measurements to the SLAM pose graph as a loop closure and perform robust estimation
using the Graduated Non-Convexity method [140].

From the resulting optimized pose graph, we can compute the error associated with every
measurement and classify the VPR matches as correct or incorrect. A large error means that
the match is in contradiction with the geometric structure of the pose graph and therefore
incorrect. We then sort the measurements into the subsets of training samples Seopreer and

Sincorrect- The two subsets will be used with different loss functions during training.

5.4.3 Domain Calibration

The domain calibration of our VPR network is done through fine-tuning using the filtered
training tuples in the tuning sets. In other words, starting from the pretrained network, we

performed additional training iterations using the extracted data.

For the subset of correct samples, we applied the triplet margin loss L for each training tuple
(CZapq? {n;}}) € Scorrecta

L= Zmax(d(q,pq) +m —d(q,n!),0) (5.1)

where m is the margin, ¢ is the global descriptor of the query image, p? is the global descriptor
of the positive image associated with the query, and n! are the corresponding negative samples
descriptors. The global descriptors are 1 x K vectors resulting from a forward pass through
the VPR network and the distance function d is the Euclidean distance between the vectors.
This strategy is analog to the training method used in NetVLAD [72].
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Figure 5.2 Illustration of the resulting KITTIO0 pose graphs with and without an incorrect
loop closure. We can see the large negative effect of even a single incorrect measurement on
the localization accuracy. This motivates the need to detect such incorrect VPR matches
using robust pose graph optimization. Those incorrect matches correspond to some of the
most confusing parts of the environment and can thus be used in training to futher improve
VPR networks.

On the other hand, the incorrect samples Si,correct are composed of only one query and one
negative images (¢,n?) and do not contain a positive image p such that we cannot use the
triplet margin loss. Therefore, for each incorrect sample, we use a negative Mean Squared

Error loss to increase the distance between the corresponding descriptors,

TS
L= —5 > ak — ni)? (5.2)
k
At each epoch we train on both correct and incorrect samples.

5.4.4 Uncertainty Estimation

To learn an estimator tuned to the desired target environment, we follow [250] and add
an uncertainty head to the baseline CNN network composed of a Generalized Mean (GeM)
layer [245] followed by two fully connected layers with a softplus activation function. The
resulting network has two outputs, a mean g and a variance o, such that it encodes the

descriptors as isotropic Normal distributions A (u, o) instead of point estimates.
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Figure 5.3 Self-Supervised learning of a visual-similarity metric. An illustration of the similar-
ity matrix before (Initial) and after (Tuned) training compared with the similarity obtained
from NetVLAD on the KITTI-00 sequence. As expected, the similarity between positive
pairs has increased (blue), and it has decreased between negative pairs (white).
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Figure 5.4 Precision-Recall performance in loop-closure detection on various KITTI sequences
with two different network architecture: NetVLAD and ViT. As expected, we can see that
the networks tuned on the KITTI-360-09 sequence achieves better precision and recall on all

sequences.

For each correct sample, the uncertainty-aware loss computes the probability that the query ¢

is closer to a positive p than a negative n given a margin m, and a prior 1/ K for normalization,

P(llg=plP* < llg = nl”> = m),

(5.3)
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For incorrect samples, we use instead the Kullback-Leibler divergence Dy (V||T) loss be-
tween the descriptors distribution estimates (V € N (p,0)) and a target high variance distri-
bution with the same mean (7" € N (p, 0pign)) for which we have set the variance oy, to H
times the prior. A higher H increases the incorrect matches loss and thus their importance

during training. For isotropic Normal distributions, Dy, (V||T) is defined as follows [265],

1 o2, 2
Dir(V|T) = = <1og high 4 2 —1) (5.4)

2
2 o Thigh

We sum the Kullback-Leibler divergences of the query ¢ (Dgr(V4||T)) and the negative n?

(Dkr(Vaa||T)) to obtain the combined loss L of the incorrect sample s € Sicorrect

L =5 (Drr(VllT) + Dicr(Vaa [ T)) (5.5)

DN | —

The intuition behind the use of this loss function is to increase the variance estimates of both
the query and negative images towards a higher variance without changing their means, since

those images are confusing for the VPR system and led to loop closing outliers.

It is important to note that training using uncertainty-aware losses can have detrimental
effects on the resulting precision of the place recognition network [249]. However, as we show
in the following section, a variance estimator with reasonable performance can be trained on
a separate smaller network that can be run cheaply on a CPU. This could allow practitioners
to keep the precision of a conventionally trained VPR network and run a smaller uncertainty

estimation network in parallel.

5.5 Experiments

Our experiments are divided into three parts. We first demonstrate the quality of the ex-
tracted training tuples by using them to train a network for the task of place recognition
from a classification baseline. Second, we demonstrate that we can calibrate a state-of-the-art
VPR approach for a target domain using our technique. Third, we show that we can achieve
uncertainty estimates tailored to the target environment. All the hyperparameters values
used in our experiments can be found in our open-source implementation and correspond to
the ones used in [72] and [250].
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5.5.1 Training a new VPR System

To show the effectiveness of our approach to produce valuable tuning samples from a cali-
bration run through an environment, we trained a new VPR network based exclusively on
the samples extracted from a single KITTI-360 [266] sequence and we tested the resulting
VPR network on KITTT [176] sequences. All the sequences were collected in the streets of
the same mid-size city. We used the KITTI-360-09 sequence for tuning, and the KITTI-{00,
02, 05, 06} sequences for testing. The testing sequences were collected years apart from the
tuning sequence and were selected based on the significant overlaps within their trajectory,

which are essential to recognize places.

Our initial model consist of a VGG16 network pretrained on ImageNet [267] for which we
replaced the classification head with a randomly initialized NetVLAD pooling layer [72]. To
show the generalization of the approach on different network architectures, we also tuned a

Vision Transformer (ViT) [268] using the penultimate layer features as descriptors.

The new networks were tuned for place recognition using a triplet margin loss for 10 epochs,
which was enough to achieve convergence. The relative poses, loop closures, are estimated
with stereo pairs and the SLAM visual odometry is computed and managed using RTAB-
Map [269]. Our technique successfully extracted 291 training tuples in Seopreet, and 49 in

Sincorrect, from the tuning sequence.

To validate the training procedure, we computed the similarity score, based on the Ly distance
between global descriptors, of all pairs of images in KITTI-00 sequence. In Fig. 5.3, we
compared the resulting similarity matrix with the one before tuning and the one obtained
with NetVLAD. NetVLAD, which is pretrained on city streets images, is known to achieve
high accuracy on the KITTI sequences [37]. We can see that our approach converges to a
similar result as NetVLAD, especially in the zones where multiples places are revisited and
recognized (i.e., high similarity) near the bottom left and right corners (darker blue). The

contrast with negative matches is also accentuated.

Using the ground truth poses of the KITTI sequences [176], we computed the precision and
recall of our VPR system resulting matches before and after tuning, with or without the
incorrect matches. The curves in Fig. 5.4 represent the performance for varying detection
threshold values for loop closure detection. A loop closure is considered as detected if the
distance between the two images global descriptors is inferior to the threshold, there exists
sufficient keypoints matches to compute a relative pose measurement, and it passes the test
of robust pose graph optimization. We can see a clear improvement in precision and recall

after tuning both NetVLAD and ViT. We also see some small improvements when using the
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Figure 5.5 Self-Supervised domain calibration of a visual-similarity metric. An illustration
of the similarity matrix before (Original NetVLAD) and after training (Tuned NetVLAD)
compared. As expected, the similarity between positive pairs has increased (blue), and it has
decreased between negative pairs (white).

Table 5.1 Average percentage and standard deviation of correct matches obtained by
NetVLAD before and after tuning. We can see that the domain calibration increased the
percentage of correct matches and thus the number of loop closures.

Indoor 1 Indoor 2 Indoor 3

Original NetVLAD 65.4 £+ 8.9% 61.7+124 % 75.8+5.9 %
Tuned NetVLAD 72.0 £8.7% 71.1+10.6 % 82.6 +4.8%

incorrect matches, especially on the KITTI 06 sequence, however we expect the effects of
incorrect matches to be greater for initial networks with low precision since it should reduce
the number of false positives. While state-of-the-art results were not expected on the well-
studied KITTI dataset, we are able to demonstrate the quality and efficiency of the gathered
training samples from a single run through the environment without manual labelling or GPS

bootstrapping.

5.5.2 Calibration of an Existing VPR system

In this set of experiments, we demonstrate that we can improve the performance of a pre-
trained state-of-the-art VPR network (NetVLAD [72]) by tuning it to a different target do-
main. We performed four runs through an indoor office environment (see images in Fig. 5.1)

using an Intel Realsense D455 camera, with multiple overlaps to ensure place recognition.
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Figure 5.6 Separation distance calibration. Histograms of the Ly distance between the positive
pairs (green) and negative pairs (red). As expected, the separation increased between the
positive pairs and negative pairs after tuning, making it easier to set a VPR threshold.

Figure 5.7 Examples of images with high estimated uncertainty. We can see the presence of
under/overexposure and occlusions.

The first run served to extract 166 training tuples, and the three others have been used for

testing.

As shown in Fig. 5.5, we computed the similarity score for each image pairs in the training
sequence before (i.e., original pretrained version of NetVLAD on the Pittsburg dataset [72])
and after tuning. We can observe a significant improvement in contrast between positive and

negative matches hinting to a better distinction between them during testing.

We corroborate this result in Fig. 5.6 which shows histograms of the L, distance between
all pairs of images. The positive pairs are noted in green and the negative ones in red.
Confirming the previous result, the separation between the positive and negative pairs is
greater after tuning. Fig. 5.6 shows that our calibration technique is able to fine-tune the
VPR network and distort the feature embedding to increase the distance between similar
and dissimilar places. This has practical implications for the deployment of VPR systems
since the threshold to determine if the distance represents a match becomes easier to set.

Moreover, our approach leads to fewer false positives which can be detrimental to the system
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Table 5.2 Uncertainty Estimation results on KITTI sequences. We report the F} score (com-
puted from precision and recall), the Expected Calibration Error using the cosine similarity
between the descriptors as uncertainty estimates (EFC Fgy,), and the EC'E using our trained
uncertainty estimates (EC Eyy,s) for each sequence with 2 different CNN backbone networks.
We also indicate the networks size as well as their respective inference time on GPU (NVIDIA
RTX3070) and CPU (AMD Ryzen 7).

KITTI 00 KITTI 02 KITTI 05 KITTI 06 Resources

Fyscore ECEyy ECEou | Fyscore ECEy ECEuu | Fiscore ECEgy ECEuy | Fyscore ECEyy ECEo | Size (MB) GPU (s) CPU (s)
VGG16 0848 0774  0.186 | 0815 0801  0.226 | 0821 0769 0125 | 0732 0802  0.305 82.0 0.004  0.052
MobileNetv3 ~ 0.874  0.949  0.242 | 0704 0946  0.150 | 0779 0948 0197 | 0720 0945  0.367 23.8 0.007  0.015

accuracy and computational performance [246]. In Table 5.1 we confirm on the three test
sequences that NetVLAD tuned with our technique obtains on average a significantly higher
number of correct VPR matches over possible threshold values than its original version (t-
test, Bonferroni-corrected, p < le-5). Therefore, our approach allows practitioners to improve
the performance of their VPR system by calibrating its domain through a single run of the

environment.

5.5.3 Uncertainty Estimation for VPR

As expected, results in Table 5.2 show that training a network explicitly for uncertainty
estimation performs better than directly using the cosine similarity between descriptors as
a confidence measure. Also, we noticed that training with an uncertainty loss does not
provide as much improvement in precision and recall as the triplet margin loss. However,
having uncertainty estimates is preferable in safety critical applications. One could even
combine a network trained for state-of-the-art precision and another trained for uncertainty
in the same system if the computing resources are sufficient. To that end, we show that
we can achieve reasonable results in uncertainty estimation with a smaller backbone network
(MobileNetv3 [270]) which can be run in real-time on a CPU. This decoupling offers flexibility

for practical deployments of uncertainty-aware visual place recognition.

In Fig. 5.7, we present some examples of images with high estimated uncertainties by our
technique. The uncertain images are under/overexposed and have occlusions, such that very
few useful visual features and keypoints could be extracted from them in order to successfully

compute 3D registration.

To measure the accuracy of the uncertainty estimates, we use the Expected Calibration Error

(ECE), commonly used for classification tasks [271], which computes how well the uncertainty
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estimates correspond to the model’s precision,

M
BCE = 1Bnl|

-1 n

mAP@Q1 (B,,) — conf (B,,)|. (5.6)

m

As in [251], we compute this metric by dividing the uncertainty estimates into M equally
spaced bins B,, with corresponding uncertainty level U(B,,). For each bin, we compute the
precision of the queries it contains, mAP@1 (B,,), and compare it with the bin confidence
conf (B,,) = 1 — U(B,,). The ECE is low when the high confidence images lead to high
precision matches. As expected, the resulting ECEs in Table 5.2 are in a similar range as
the results presented in the Bayesian Triplet Loss paper [250]. Interestingly for resource-
constrained deployments, the smaller MobileNetv3 achieves comparable results to the larger

VGG16 while being able to evaluate images in real-time at more than 60Hz on a CPU.

5.6 Conclusions

In this paper, we present a self-supervised method for training and tuning a place recognition
neural network leveraging robust SLAM which does not require GPS or ground truth labels
for bootstrapping. We demonstrate the efficiency of the method by training a visual place
recognition network from a pretrained classification model, using only the training samples
extracted by our method. We also show that our technique can improve the accuracy of an
existing deep learning-based VPR system by calibrating it to the target environment. In
addition, we show that we can train an uncertainty estimation network for place recognition

using the extracted samples.

We consider that our approach has practical benefits for the real-world deployment of place
recognition systems. It could be used in an online fashion to perform lifelong learning/tuning
on the target environment. Our approach has also the potential for data mining of labeled
place recognition training samples on any sequential dataset, which could help increased
the overall accuracy of VPR networks. Moreover, while we applied our technique to visual
sensors, the same approach could be used for other type of sensors used for place recognition
(e.g. lidars). Finally, we believe that leveraging the recent progress in robust SLAM to
improve the performance of deep learning based techniques is a promising avenue that could

lead to a tighter integration between the two fields of research.
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CHAPTER 6 ARTICLE 3 : SWARM-SLAM: SPARSE DECENTRALIZED
COLLABORATIVE SIMULTANEOUS LOCALIZATION AND MAPPING
FRAMEWORK FOR MULTI-ROBOT SYSTEMS

Preface: This paper introduces a novel approach to Collaborative Simultaneous Localization
and Mapping (C-SLAM), a critical technology for enabling effective multi-robot operations.
This work has been peer-reviewed and was published in IEEE Robotics and Automation Let-
ters (RA-L). The source code is available to the public at: https://github.com/MISTLab/
Swarm-SLAM.

Contributions: This project began with conceptualization sparked by insightful discussions
with my supervisor and fellow researchers at the ICRA 2022 conference. My contributions
include conducting a focused literature review on inter-robot loop closure detection, develop-
ing the approach with my supervisor’s feedback, performing dataset evaluations, deploying
the approach on three robots, and writing the majority of the paper. I was also responsible
for implementing, releasing, and maintaining the accompanying open-source code.

Full Citation:Pierre-Yves Lajoie and Giovanni Beltrame, "Swarm-SLAM: Sparse Decen-
tralized Collaborative Simultaneous Localization and Mapping Framework for Multi-Robot
Systems," IEEFE Robotics and Automation Letters, Vol.9, Issue 1, 2023.

Submission date: July 15th 2023

Publication date: November 17th 2023

DOI: 10.1109/LRA.2023.3333742

Copyright: © 2024 IEEE. Reprinted, with permission from the authors

6.1 Abstract

Collaborative Simultaneous Localization And Mapping (C-SLAM) is a vital component
for successful multi-robot operations in environments without an external positioning sys-
tem, such as indoors, underground or underwater. In this paper, we introduce Swarm-
SLAM, an open-source C-SLAM system that is designed to be scalable, flexible, decen-
tralized, and sparse, which are all key properties in swarm robotics. Our system supports
lidar, stereo, and RGB-D sensing, and it includes a novel inter-robot loop closure priori-
tization technique that reduces communication and accelerates convergence. We evaluated
our ROS 2 implementation on five different datasets, and in a real-world experiment with
three robots communicating through an ad-hoc network. Our code is publicly available:
https://github.com/MISTLab/Swarm-SLAM


https://github.com/MISTLab/Swarm-SLAM
https://github.com/MISTLab/Swarm-SLAM
https://github.com/MISTLab/Swarm-SLAM
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6.2 Introduction

Collaborative perception is an important problem for the future of robotics. The shared
understanding of the environment it provides is a prerequisite to many applications from
autonomous warehouse management to subterranean exploration. One of the most power-
ful tools for robotic perception is Simultaneous Localization And Mapping (SLAM) which
tightly couples the geometric perception of the environment with state estimation [1]. In
addition to producing high-quality maps of the robot surroundings, it provides localization
estimates that are essential for planning and control. However, single-robot SLAM estimates
are local in the individual robot reference frame. Therefore, when multiple robots operate
in GPS-denied environments, they do not share situational awareness unless they manage to
connect, or merge, their local maps. To solve this problem, Collaborative SLAM (C-SLAM)
searches for inter-robot map links and uses them to combine the local maps into a shared
global understanding of the environment. One of the main practical challenges in C-SLAM is
resource management [252], in particular considering the severe communication and computa-
tion limitations of mobile robots. Those limitations need to be addressed to achieve real-time
performance, especially when a large number of robots work together. While effective in some
scenarios, centralized C-SLAM solutions, which rely on a single server for data association
and optimization, suffer from a communication bottleneck between the robots and the server,
which limits their scalability. Besides, due to networking coverage challenges in large indoor
or subterranean environments, robots cannot realistically maintain a stable connection to a
central server. Thus, decentralized solution relying only on occasional communication be-
tween the robots are better suited for large-scale deployment. While collaborative perception
within small teams of autonomous robots is currently challenging, we believe it useful to look
forward to very large teams, or swarms of robots and start tackling the problems specific to
this scale of deployment. Prior works on swarm robotics have identified a few key properties
required for swarm compatibility [36] such as: communication and sensing must be local
to the robot neighborhood, and robots should not rely on a centralized authority or global
knowledge. In the specific case of C-SLAM [20], we consider the following four properties

described in Sections 6.4 and 6.5: scalability, flexibility, decentralization, and sparsity.

In this paper, we propose novel techniques assembled in a complete resource-efficient C-
SLAM framework compliant with these key swarm compatibility properties. Our approach
is fully decentralized, supports different types of sensors (stereo cameras, RGB-D cameras,
and lidars), and requires significantly less communication than previous techniques. To
reduce data exchanges, we introduce a novel budgeted approach to select candidate inter-

robot loop closures based on algebraic connectivity maximization, inspired from recent work
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Figure 6.1 Swarm-SLAM Overview

on pose graph sparsification [272]. This preprocessing of place recognition matches allows
us to achieve accurate C-SLAM estimates faster and using fewer communication resources.
Moreover, we leverage advances in robotic software engineering, to make our framework

compatible with ad-hoc networks. In summary, we offer the following contributions:

o A sparse budgeted inter-robot loop closure detection algorithm under communication

constraints based on algebraic connectivity maximization;

o A decentralized approach to neighbor management and pose graph optimization suited

for sporadic inter-robot communication;

e A swarm-compatible open-source framework which supports lidars, as well as stereo or
RGB-D cameras;

We extensively evaluate of the overall system performance on datasets and in a real-world

experiment.
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6.3 Background and Related Work

6.3.1 Collaborative SLAM

C-SLAM systems can usually be divided into two categories: centralized and decentralized.
Centralized systems rely on a remote base station to aggregate map data and compute the
global SLAM estimates for all the robots. However, in those systems, the robots need a re-
liable permanent connection with the base station, and the scalability is severely limited by
the communication bottleneck to the central server. Such stringent networking constraints
are often unrealistic, especially in large environments. Decentralized approaches, relying only
on occasional communication links between robots and without any need for a central au-
thority, are preferred in those scenarios. However, decentralized systems are limited by the
onboard computation and communication capabilities of the robots, and they require more
sophisticated data management and bookkeeping strategies to obtain accurate SLAM esti-
mates [252]. Similar to single robot SLAM systems, C-SLAM contains two parts commonly
named front-end and back-end, see Fig. 6.1. The front-end is in charge of feature extraction

and data association, while the back-end performs state estimation [1].

Front-End

The most challenging step in the C-SLAM front-end is the detection and computation of
inter-robot loop closures in a resource-efficient manner. Inter-robot loop closures correspond
to common features or places previously visited by two or more robots. Those shared features
between the robots maps act as stitching points to merge the local maps together and obtain

a shared (global) reference frame.

Since the communication cost of sharing entire maps is usually prohibitive, inter-robot loop
closure detection can be performed in two stages [37,62]. In the first stage, compact global
descriptors of images [273] or lidar scans [274], are shared between the robots for place
recognition. Similarity scores are computed between the global descriptors from both robots
to recognize places, or overlaps, between their respective maps. The recognized places then
correspond to loop closure candidates for the second stage. In the second stage, for each
candidate with high global descriptors similarity, the corresponding costly local descriptors
such as 3D keypoints or scans are transmitted to compute the geometric registration between

the two robots images or scans.
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Back-End

The role of the C-SLAM back-end is to estimate the most likely poses and map from the
noisy measurements gathered by all robots. To this end, Choudary et al. [53] propose the
distributed Gauss-Seidel (DGS) technique which allows robots to converge to a globally
consistent local pose graph by communicating only the pose estimates involved in inter-
robot loop closures, and therefore preserving the privacy of their whole trajectories. Tian et
al. [126] significantly improve on that approach and provide a certifiably correct distributed
solver for pose graph optimization. This technique performs multiple exchanges between
the robots until they converge to globally consistent local solutions. In a different vein,
recent work by Murai et al. [230] laid the foundation for larger-scale multi-robot collaborative
localization based on Gaussian Belief Propagation. One of the main challenges in both single-
robot and collaborative SLAM is the frequent occurrence of erroneous measurements among
inter-robot loop closures due to perceptual aliasing [5]. While many techniques exist for
the single-robot problem, Lajoie et al. [62] first combined DGS with Pairwise Consistency
Maximization (PCM) [143], which computes the maximal clique of pairwise consistent inter-
robot measurements, to perform robust and distributed optimization. More recently, Yang
et al. [140] introduced the Graduated Non-Convexity (GNC) algorithm, a general approach
for robust estimation on various problems including pose graph optimization. GNC was
integrated with [126] in a robust distributed solver (D-GNC) [63].

Open-Source C-SLAM Systems

Many open-source C-SLAM systems have been proposed in the recent years. Cieslewski et
al. [37] introduce DSLAM), which uses CNN-based global descriptors for distributed place
recognition, and DGS for estimation. DOOR-SLAM [62] robustified the approach by inte-
grating PCM for outlier rejection and adapted it for sporadic inter-robot communication.
DiSCo-SLAM [275] extends those ideas to lidar-based C-SLAM using ScanContext global
descriptors [274]. Kimera-Multi [63] integrates D-GNC and incorporates semantic data in
the resulting maps. In an other line of work, centralized C-SLAM system have also evolved
considerably. The lidar-based system LAMP 2.0 [276] introduces a centralized Graph Neural
Network-based prioritization mechanism to predict the outcome of pose graph optimization
for each inter-robot loop closure candidates. The multi-modal maplab 2.0 [220] supports
heterogeneous groups of robots with different sensor setups. In contrast, Swarm-SLAM com-
bines the latest advances from previous frameworks and introduce a new sparse inter-robot
loop closure prioritization to further reduce communication. Additionally, unlike previous

techniques, Swarm-SLAM leverages ROS 2 [277] and introduces a neighbor management sys-
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Table 6.1 Open-Source C-SLAM Frameworks supporting stereo cameras (s), lidars (1) and/or
RGB-D cameras (d).

Sensor Decentralized Robust Sporadic Sparse

DSLAM [37] s v

DOOR-SLAM [62] s, v v v
Kimera-Multi [63] s v v v
Disco-SLAM [275] 1 v v v

LAMP 2.0 [276] 1 v v
maplab 2.0 [220]  s,d,] v

Swarm-SLAM s,d,1 v v v v

tem to seamlessly integrate C-SLAM with ad-hoc networking. Table 6.1 offers a comparison
of the various systems based on key desirable properties. We refer the reader to [252] for a
thorough survey on C-SLAM.

6.3.2 Graph Sparsification for C-SLAM

The ever-growing map and pose graph during long-term operations is an important mem-
ory and computation efficiency challenge in both single-robot and multi-robot SLAM. One
favored solution is graph sparsification, which aims to approximate the complete graph with
as few edges as possible, mainly by removing redundant edges that are not providing new
information during the estimation process. To this end, Doherty et al. [272] formulate the
graph sparsification of single robot pose graphs as a mazimum algebraic connectivity aug-
mentation problem, and solve it efficiently using a more tractable convex relaxation. In this
paper, instead of sparsifying the pose graph after all the measurements have already been
computed, we aim to preemptively sparsify the inter-robot loop closure candidates generated
by the place recognition module. This way, we can prioritize the geometric verification of
inter-robot loop closures that will approximate the full pose graph, thus avoiding wasting
resources on redundant measurements. Importantly, unlike other work maximizing the de-
terminant of the information matrix [156], we leverage the results from [272] and focus on the
algebraic connectivity of the pose graph which has been shown to be a key measure of esti-
mation accuracy [278] (i.e., higher algebraic connectivity is associated with lower estimation
error). Solving a similar problem, Denniston et al. [279] prioritize loop closure candidates
based on point cloud characteristics, the proximity of known beacons, and the information
gain predicted with a graph neural network. Interestingly, Tian et al. [280] explore spec-

tral sparsification in the C-SLAM back-end to reduce the required communication during
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distributed pose graph optimization.

6.4 System Overview

As described in Fig. 6.1, Swarm-SLAM is composed of three modules. First, to enable
decentralization, the neighbor management module continuously tracks which robots are in
communication range (i.e., neighbors that can be reached reliably) and what data has been
exchanged. Robots publish heartbeat messages at a fixed rate such that network connectivity
can be evaluated periodically. To make the system scalable (see Property 1), the other
modules query the neighbor management process to determine which robots, if any, are

available, and orchestrate the operations.

Property 1. Scalable. The number of robots using the framework is not predetermined and
it does not require connectivity maintenance during the whole mission. Communication and
computation budgets are set to fit the available bandwidth and computation power onboard the

individual robots.

The front-end takes as input odometry estimates (obtained using an arbitrary technique)
along with synchronized sensor images or pointclouds (see Property 2). Upon reception, the
front-end extracts global (e.g. compact learned representation) and local descriptors (e.g.
3D keypoints). Global descriptors allow us to identify candidate place recognition matches

(i.e., loop closures) between the robots, then local descriptors are used for 3D registration.

Property 2. Flexible. The framework supports multiple sensors (i.e., stereo cameras, RGB-

D cameras, lidars) and is decoupled from the odometry source.

In our decentralized (see Property 3) back-end, the resulting intra-robot and inter-robot loop
closure measurements are combined with the odometry measurements into a pose graph.
Local pose graphs are transmitted to the robot selected, through neighbor management
negotiation, to perform the optimization and the resulting estimates are sent back to the

respective robots.

Property 3. Decentralized. All computation is performed onboard the robots without any

central authority and they rely only on peer-to-peer communication.

Current pose estimates, resulting from the whole process, are made available periodically in
the form of ROS 2 messages for a minimally invasive integration into existing robotic systems.
To avoid needless bandwidth use, the neighbor manager keeps track of which measurements

have been exchanged. Mapping data for planning or visualization can also be queried at
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Figure 6.2 Visualization of 10 first loop closure candidates selected by the Spectral and Greedy
Approaches. The Spectral approach selects candidates in different regions of the pose graph
to increase the accuracy, while the Greedy approach selects redundant candidates in high
similarity regions.

the cost of additional computation and communication. For debugging purposes, we provide
a minimal visualization tool which opportunistically collects mapping data from robots in
communication range. Overall, we divided place recognition, geometric verification and pose
graph optimization into modular and decoupled processes with clear data interfaces to enable

researchers to leverage Swarm-SLAM to easily test new ideas in each subsystems.

6.5 Front-End

Similar to many comparable inter-robot loop closure detection techniques (e.g. [37,62,63]),
we adopt a two stage approach in which global matching generate candidate place recognition

matches that are verified using local features in the latter stage, i.e. local matching.

6.5.1 Global Matching

For each keyframe, compact descriptors, that can be compared with a similarity score, are
extracted from sensor data and broadcast to neighboring robots. When two robots meet, we
perform bookkeeping to determine which global descriptors are already known by the other

robot and which ones need to be transmitted. We use ScanContext [274] as global descriptors
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of lidar scans and the recent CNN-based CosPlace [273] for images. We use nearest neighbors
based on cosine similarity for descriptor matching. Once matches are computed, Swarm-
SLAM offers two candidate prioritization mechanisms: a greedy prioritization algorithm,
used in prior work [37,62,63,275], and a novel spectral approach. To perfom the candidate

prioritization, we define the multi-robot pose graph as:

( glocal gglobal) (6 1)
= (Vi,..., V) (6:2)
Elocal ((c:local o glocal) (63)
£ = (SR, € (64)

where V' are the vertices from every n robots pose graphs, each vertex corresponding to a

glocal

keyframe; are the local pose graphs edges such as odometry measurements and intra-

robot loop closures; and £8°P¥ are the global pose graph edges corresponding to inter-robot

lobal _ 1 . .
EE o which contains the fixed measurements

global
gcandldate

loop closures. £8°"2 is further divided between
that have already been computed, and the candidate inter-robot loop closures on
which the prioritization is performed. Detailed measurements (i.e., pose estimates) are not re-
quired for our proposed candidate prioritization mechanism. Therefore, fixed measurements,
both local and global, are undirected unweighted edges between two vertices, and candi-
dates edges contain an additional weight value corresponding to their respective similarity
score. This reduced multi-robot pose graph can be built directly from the global matching

information and does not require any additional inter-robot communication.

The number of edges B to select at each time step is set by the user. This budget should
reflect the communication and computation capacities of the robots. The common candidate
prioritization approach widely used prior works is a basic greedy prioritization in which the

top B candidates with the highest similarity scores are selected.

In our proposed spectral prioritization process, we frame pose graph sparsification as a candi-
date prioritization problem, and leverage recent work on spectral sparsification. We observe
that the two problems are mathematically equivalent, one being solved before loop closure
computation and the other after. Specifically, we perform sparsification on the candidate
inter-robot matches before computing the corresponding 3D measurements, reducing resource
usage for the costly inter-robot geometric verification of redundant candidates, and achieving

better accuracy (see Property 4).

Property 4. Sparse. The framework prioritizes communication using algebraic connectivity

maximization sparsification to acheive better localization accuracy with fewer data exchanges.
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At every stage, it requires less communication than comparable techniques.

As shown in [278], the algebraic connectivity of the pose graph controls the worst-case error
of the solutions of the SLAM Mazimum Likelihood Estimation problem. The pose graph al-
gebraic connectivity corresponds to the second-smallest eigenvalue Ay of the rotation weighted

Laplacian with entries for pairs of vertices (i, j) defined as:

2 (ignest) Kig, =17,
0, {i.jt¢c.

where k;; denotes the edge weight and §(7) is the set of edges incident to vertex 7. Instead
of using a noise model for the edge weights as in [272], we use the similarity score s, € [0, 1]

from global matching as confidence metric. Thus, we define k;; = 1V e € (£ g8l

lobal
and k;; = s. Ve € EEDL

eandidate- Lhis approach forgoes the need to communicate additional

information regarding the edges’ estimated noise level. However, it is important to note that
it loses the theoretical guarantees from [272], yet we show in Section 8.5 that this heuristic

approach works well in realistic cases.

For our purposes, we leverage the property that the Laplacian L can be expressed as the
sum of subgraph Laplacians corresponding to each of its edges to define the augmented pose

graph Laplacian as follows:

Lw) 2 LF"" 4 I8+ Y wl, (6.6)

global
eegcandidate

where w, € {0,1} is the binary variable which determines the prioritization of candidate
edge e. Therefore, according to our previously stated goal, we aim to select the subset

£x C golobal  of fixed budgeted size |£*| = B which maximizes the algebraic connectivity

Ao (L(w)):

Problem 1. Candidate prioritization via Algebraic Connectivity Mazimization

max Ao L(w
12y ) (6.7)
lw| = B.

Problem 1 is NP-Hard [281] due to the integrality constraint on w,. Therefore, we relax the

integrality constraints and, when necessary, we round the optimization result to the nearest
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solution in the feasible set of Problem 1. We solve the relaxed problem using the simple and
computationally inexpensive approach developed in [272]. It is important to note that this
approach requires the pose graph to be connected, so we first perform greedy prioritization
up until at least one inter-robot loop closure exists between the local pose graphs. We also

use the greedy solution as initial guess for the algebraic connectivity maximization.

In Fig. 6.2, we present a visualization of our spectral approach results in comparison to the
ones obtained with the standard greedy approach. We can see that the candidates selected
using our spectral technique are more evenly distributed along the pose graph while the
greedy candidates are mostly concentrated in high-similarity areas. Our selected candidates

are therefore less redundant for the estimation process.

6.5.2 Local Matching

Once the inter-robot loop closure candidates are selected, the next step is to perform local
matching (i.e., geometric verification). This step leverages larger collections of local features,
keypoints or point clouds depending on the sensor, to compute the 3D relative pose mea-
surement between the candidate’s two vertices. To avoid computing the same loop closure
twice and to reduce the communication burden of geometric verification, we follow [153] and
formulate the vertices local features sharing problem as a vertex cover problem. When two
or more inter-robot loop closure candidates share a vertex in common, only the common
vertex needs to be transmitted to effectively compute all the associated relative pose mea-
surements. Thus, by computing the minimal vertex cover, optimally for bipartite graphs and
approximately with 3 robots or more, we obtain an exchange policy which avoids redundant

communication.

6.5.3 Inter-Robot Communication

It is worth noting, that both for the spectral matching and the vertex exchange policy,
a temporary broker needs to be dynamically elected among the robots in communication
range. The broker then computes the matches and sends requests for the vertices to be
transferred. In our current implementation, the broker is simply the robot in range with
the lowest ID according to our neighbor management system, but it could be elected with a
different decentralized mechanism (e.g. based on the available computation resources onboard

each robot).
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6.6 Back-End

The role of the back-end is to gather the odometry, intra- and inter-robot loop closure mea-
surements from the front-end in a pose graph, and then estimate the most likely map and
poses based on those noisy measurements. As mentioned above, unlike other recent sys-
tems [62,156] based on distributed pose graph optimization, we opt for a simpler decentralized
approach. Similar to the front-end, a robot is dynamically elected to perform the computa-
tion among the robots in communication range. The other robots share their current pose
graph estimates with the elected robot and receive the updated estimates once the compu-
tation is completed. Importantly, any robot can be temporarily elected through negotiation
to perform the pose graph optimization during a rendezvous between robots. Swarm-SLAM
performs the pose graph optimization using the Graduated Non-Convexity [140] solver, with

the robust Truncated Least Square loss.

To ensure convergence to a single global localization estimate after multiple sporadic ren-
dezvous without enforcing a central authority, we introduce an anchor selection process to
keep track of the current global reference frame. During pose graph optimization, the anchor
usually corresponds to a prior which assigns a fixed value to the first pose of the graph. This
anchor then becomes the reference frame of the resulting estimate. In the beginning, all
robots are within their own local reference frames where the origin corresponds to their first
pose (i.e., initial position and orientation). Then, when some robots meet for the first time
(e.g. robots 0, 4 and 5), we choose the first pose of the robot with the lowest ID (e.g. robot 0)
as the anchor. Therefore, as a result of the estimation process, the involved robots estimates
share the same reference frame (e.g. robot 0’s first pose). In subsequent rendezvous (e.g.
robots 2, 3 and 4), the anchor is selected based on the reference frame with the lowest 1D
(e.g. robot 4’s first pose is selected as the anchor since its reference frame is robot 0’s). After
a few rendezvous, the robots converge to a single global reference frame without requiring
rendezvous including all robots (e.g. after the second rendezvous, robots 2 and 3 are also
within robot 0’s reference frame). This means that Swarm-SLAM can scale to large groups

of robots, through iterative estimation among smaller groups of robots.

6.7 Experimental Results

To evaluate the effectiveness of our proposed solutions for the ongoing challenges in Col-
laborative Simultaneous Localization and Mapping, we conducted extensive experiments on
several public datasets, as well as in a real-world deployment. Our experiments involved

three robots exploring and mapping an indoor environment and communicating via ad-hoc
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Figure 6.3 Comparison between Greedy and Spectral prioritization of candidate inter-robot
loop closures. For each datasets, we show that the spectral approach outperforms the greedy
one in terms of algebraic connectivity (higher is better), and the Absolute Translation Error
(ATE) (lower is better). We can see that the spectral prioritization converges to the best
estimate with less inter-robot loop closures.

networking. We specifically evaluated our key contributions to inter-robot loop closure de-
tection and decentralized C-SLAM estimation. Additionally, we present detailed statistics
of the communication and computation load during our real-world experiment, providing

insight into the system’s performance and resource requirements.

6.7.1 Dataset Experiments

We tested Swarm-SLAM on seven sequences from five different datasets. To demonstrate the
flexibility of our framework, we used IMUs, stereo cameras, lidars, or a combination as inputs.
First, we tested on the widely known autonomous driving KITTI 00 stereo sequence [176]
which we split into two parts to simulate a two-robots exploration. Second, we split the very
large (~10km) KITTI360 09 lidar sequence [266] into 5 parts that contain a large number of
loop closures, making it particularly well suited for inter-robot loop closure detection analysis.
Third, we experimented on the first three overlapping lidar sequences of the very recent GrAco
dataset [233] acquired with custom ground robots on a college campus. Fourth, we evaluate
our system on the three lidar Gate sequences of the M2DGR dataset [282]. Fifth, we tested
on three sequences of the recent C-SLAM-focused S3E dataset [232]. To avoid tracking

failures and obtain more robust results on S3E sequences, we combined lidar-IMU odometry
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Table 6.2 C-SLAM Estimates Evaluation on Public Datasets with Different Back-Ends.

Communication (kB) Time (s) ATE (m)

Robots  GNCDGS+PCM D-GNC GNCDGS+PCM D-GNC GNC DGS+PCM D-GNC
KITTI 00 2 280.00 30045.5013499.49 20.11 230.85 70.903 2.17 9.08  3.77
KITTI-360 09 5  484.91 3241.21 4485.13 196.93 102.51 70.82 4.02 6.67 7.15
GrAco Ground 3  105.82  44686.69 78162.42 8.06 120.25 143.79 6.19 33.73 8.47
M2DGR Gate 3 51.29 242.02 721.39 1.42 5.02 7.85 0.70 1.35 3.07
S3E Square 3 80.97 1261.12 620.19 6.05 50.31 26.98 4.20 9.74 20.21
S3E College 3  150.37 3420.23 3012.28 11.96 125.42  35.62 3.57 25.32 4.13

and stereo camera-based inter-robot loop closure detection, highlighting the versatility of
Swarm-SLAM. Overall, we chose the sequences with the most trajectory overlaps to obtain
more loop closures, and with available GPS ground truth (except for S3E Laboratory). For
simplicity and robustness, we used off-the-shelf software [269] to compute and provide the
required odometry input to Swarm-SLAM. To better evaluate the inter-robot loop closure
detection, we consider the worst-case scenario in which the robots are within communication
range only at the end of their trajectories, such that they have to find loop closures between
their whole maps at once. This scenario, analog to multiple robots exploring different parts
of an environment and meeting back at the end, is among the most challenging in terms of
communication and computation load, and therefore benefits the most from our novel spectral
candidate prioritization mechanism. We refer the reader to our open-source implementation

for all the parameters and configuration details of the experiments.

Inter-Robot Loop Closure Detection Evaluation

In Fig. 6.3, we compare the greedy and spectral inter-robot loop closure candidate priori-
tization techniques with respect to algebraic connectivity, and Absolute Translation Error
(ATE). Each approach is used to prioritize the computation of loop closures from the same
set of candidates with a budget B of 1, i.e. selecting one loop closure at a time. We plot
each metric against the percentage of loop closures computed within the set of candidate
(x-axis). We perform prioritization successively up until all the possible matches are selected
(i.e., 100% of loop closures computed). We expect that a better prioritization will acheive
reasonable accuracy early on, with only a fraction of the matches selected. The ATE is com-
puted against the final pose graph estimate containing all possible inter-robot loop closures,
and thus constitutes the best estimate we can achieve. On the first row, we can see that,
as intended, our spectral prioritization is correctly maximizing the algebraic connectivity of

the pose graph. On the second row, as expected, we can see that our spectral prioritization
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decreases the error faster than the greedy prioritization. Overall, our experiments show that
carefully selecting candidates early on requires the computation of fewer inter-robot loop

closures to significantly reduce the estimation error (ATE).

Decentralized C-SLAM Evaluation

In Table 6.2, we present the estimates computed in the back-end on all the sequences for which
GPS latitude and longitude data is available as ground truth. We report the computation
time on a AMD Ryzen 7 CPU and the total communication required in kB. Using our same
front-end, we compared our GNC-based decentralized back-end against two state-of-the-art
distributed approaches: the Distributed Gauss-Seidel (DGS) pose graph optimization [53]
combined with Pairwise Consistency Maximization (PCM) [143] for outlier rejection as used
in [62]; and a distributed implementation of Graduated Non-Convexity (D-GNC) [63] based
on the RCBD solver [126]. Our chosen back-end consistently achieved the highest level of
accuracy (ATE) whereas alternative methods occasionally fell short of generating reasonable
estimates. We also consistently outperforms the other approaches in terms of required com-
munication and computation time. Interestingly, when tested on KITTI-360 09, our dataset
with the highest number of robots, both DGS+PCM and D-GNC take less computation
time compared to GNC, yet they don’t achieve equivalent accuracy and necessitate more
than five times the amount of data transmission. While distributed approaches benefit from
the division of labour on large problems, more research is required to obtain the same levels
of accuracy, robustness, and communication bandwidth. This justifies our practical choice
of a simpler approach computing the back-end on a single decentrally-elected robot, which

is more robust to communication failures and easier to implement.

In Fig. 6.4, we show the Swarm-SLAM resulting estimates on the KITTI360 09 sequence
from four different rendezvous, defined as an encounter in which a subset of robots are
within communication range of each other. Our anchor selection scheme ensures that by
choosing the current first pose estimate from the robot with the lowest reference frame 1D
(i.e., first poses of (a) robot 0, (b) robot 2, (c) robot 3), we can propagate the global reference
frame among the team of robots. In other words, we are able to converge to a single global
reference frame through successive estimations between subsets of robots, without enforcing
connectivity maintenance or a central authority. This decentralized approach improves the
scalability of the system by relying only on local interactions among neighboring robots. We

present the Swarm-SLAM solutions on the remaining dataset sequences in Fig. 6.5.
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Figure 6.4 Reference frame convergence via occasional rendezvous. From (a) to (c), we show
trajectory estimates from successive rendezvous between different groups of robots: {0,2},
then {1,2,3}, and finally {3,4}. After the three rendezvous, all estimates are within the same
global reference frame. For comparison, we also include the result of a rendezvous with all

robots along side the GPS estimate (d).
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Figure 6.5 Swarm-SLAM trajectory estimates on various dataset sequences compared with

GPS ground truth.
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Figure 6.6 Swarm-SLAM experiment with 3 robots, equipped with lidars and RGB-D cam-
eras, simultaneously exploring an indoor parking lot, and achieving shared situational aware-
ness via collaborative perception. A visualization of the resulting map and pose graphs is
showed in the top right corner.

6.7.2 Real-World Experiments

To assess the viability of Swarm-SLAM on resource-constrained platforms, we deployed the
system in an indoor parking lot and gathered statistics regarding the computation time and
communication load. As shown in Fig. 6.6, we performed an online real-world demonstration
with 3 different robots (Boston Dynamics Spot, Agilex Scout, and Agilex Scout Mini), all
equipped with an NVIDIA Jetson AGX Xavier onboard computer, an Intel Realsense D455
camera, an Ouster lidar OS0-64, a VectorNav VN100 IMU, and a GL-iNet GL-S1300 OpenWrt
gateway for ad hoc networking. We used lidars and IMUs for odometry and the RGB-D

cameras for inter-robot loop closure detection.

Table 6.3 Real-World Experiment Statistics

# Robots 3 Length (m) 475.42
# Keyframes 3103 Total comm. (MB) 94.95
# Inter-robot loop cl. 67 # Outliers 10

Optimization time (s) 5.52+ 7.11 Sparsification time (s) 2.71 4 2.39
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As stated in Table 6.3, our robots travelled a total of 475 meters during the experiment and
produced a total of 3103 keyframes that needed to be matches and verified in the search for
inter-robot loop closures. The process resulted in 67 loop closures, including 10 that were
rejected by the GNC optimizer. This large number of outliers is attributable to the many
similar-looking sections of the parking lot. Swarm-SLAM acheived accurate localization with
the transmission of only 94.95 MB of data between the robots, excluding the visualization.
The communication load is mostly attributable to the front-end and thus dependent on the
number of keyframes. In Table 6.3, we also report the average sparsification and pose graph
optimization times. We can observe that the sparsification time, while being non-negligible,
is lower than the pose graph optimization. To mitigate this, we implemented sparsification

and optimization within separate threads.

6.8 Conclusions And Future Work

In this paper, we presented Swarm-SLAM, a comprehensive resource-efficient C-SLAM frame-
work that is designed to comply with essential properties of swarm robotics. In future work,
we aim to investigate collaborative domain calibration and/or uncertainty estimation in place
recognition [283] to reduce the prevalence of measurement outliers among inter-robot loop
closures, and therefore increase the overall accuracy and resilience of C-SLAM. Overall, we
hope that our open-source framework will be useful as a testbed for the research and develop-
ment of new methods and techniques in place recognition, inter-robot loop closure detection,

multi-robot pose graph optimization, and other open-problems.
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CHAPTER 7 ARTICLE 4 : MULTI-ROBOT DECENTRALIZED
COLLABORATIVE SLAM IN PLANETARY ANALOGUE
ENVIRONMENTS: DATASET, CHALLENGES, AND LESSONS LEARNED

Preface: This paper presents insights from C-SLAM experiments with three robots on
Mars analogue terrain, addressing challenges like intermittent communication and perceptual
aliasing. It also introduces a novel dataset with real-time inter-robot communication metrics
to support future research on decentralized, communication-constrained multi-robot missions.
This work was submitted for review to IEEE Transactions on Field Robotics.
Contributions: This project is the result of a significant collaborative effort by various
members of the MIST laboratory. The hardware and networking setup were originally devel-
oped for other field experiments and demonstrations also conducted in the summer of 2024.
These particular hardware and networking efforts were led by Vivek Shankar Varadharajan
and Giovanni Beltrame, with support from various lab members, including myself. Build-
ing on this collective work, I conceptualized this article along with the data collection and
analysis it presents. Karthik Soma and Haechan Mark Bong were instrumental in the GPS
setup and sensor monitoring, Rongge Zhang assisted with software setup and calibration,
and Alice Lemieux-Bourque supported logistics before and during the experiments. I led the
experiments, managed the data release, and wrote the majority of the paper.

Full Citation: Pierre-Yves Lajoie, Karthik Soma, Haechan Mark Bong, Alice Lemieux-
Bourque, Rongge Zhang, Vivek Shankar Varadharajan, Giovanni Beltrame, "Multi-Robot
Decentralized Collaborative SLAM in Planetary Analogue Environments: Dataset, Chal-
lenges, and Lessons Learned," Submitted to IEEE Transactions on Field Robotics, October
2024.

Submission date: October 29th 2024

7.1 Abstract

Decentralized Collaborative Simultaneous Localization and Mapping (C-SLAM) is essential
to enable multi-robot missions in unknown environments without relying on pre-existing
localization and communication infrastructure. This technology is anticipated to play a key
role in the exploration of the Moon, Mars, and other planets. In this paper, we share insights
and lessons learned from C-SLAM experiments involving three robots operating on a Mars
analogue terrain and communicating over an ad-hoc network. We examine the impact of

limited and intermittent communication on C-SLAM performance, as well as the unique
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localization challenges posed by planetary-like environments. Additionally, we introduce a
novel dataset collected during our experiments, which includes real-time peer-to-peer inter-
robot throughput and latency measurements. This dataset aims to support future research

on communication-constrained, decentralized multi-robot operations.

7.2 Introduction

Multi-robot systems hold the potential to revolutionize space and planetary exploration.
Teams of robots can parallelize work, be more resilient to individual failures, and, most
importantly, collaborate to accomplish collective tasks that are out of reach of single-robot
systems. However, operating robots on another planet presents some unique challenges, such
as large communication delays with base stations on Earth, difficult and unknown terrain,
or the absence of any pre-existing infrastructure. In these conditions, robots need high levels

of autonomy to operate safely.

One of the key enablers of robot autonomy is the Simultaneous Localization and Mapping
(SLAM) algorithm [1], which provides localization estimates of the robot and a map of the
surrounding environment that can be used for terrain analysis, path planning, and decision
making. In the case of multi-robot systems, the robots need to collaborate in the localization
and mapping process in order to converge to a consistent perception of the environment across
the team of robots. Without shared situational awareness, individual robots are constrained
by their limited view of the environment and are not able to collaborate efficiently. Thus,
Collaborative SLAM (C-SLAM) [24,252] is likely to be a vital component of future multi-

robot missions on the Moon, Mars, or other planets.

That being said, there are additional key requirements for the efficient deployment of C-
SLAM algorithms in space. First and foremost, due to the high cost of space missions, the
systems need to be as robust and resilient to failures as much as possible. Also, due to the
lack of pre-existing localization and networking infrastructure, individual robots need enough
autonomy from any base station (on Earth or on the explored planet itself) to survive frequent
and lengthy disconnections over the course of their missions. Given those constraints, typical
centralized approaches to C-SLAM [39,44], in which robots send measurements to a central
computing node that computes and shares back the merged global map and localization
estimates, are highly vulnerable to network disconnections or the outright failure of the

central computer.

To mitigate these risks, decentralized techniques that are purposely built to work with ad-

hoc networking and withstand prolonged disconnections between robots are preferable. In
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Figure 7.1 Multi-robot experiments at the Canadian Space Agency Mars Yard in Saint-
Hubert, Québec. In our experiments, three robots simultaneously explored the simulated
Martian terrain. The robots collaborated through peer-to-peer communication to map the
environment and localize themselves within the landscape, demonstrating the effectiveness
of our C-SLAM system in a challenging, planetary analogue setting.

prior work, we introduced Swarm-SLAM [284], a decentralized C-SLAM framework satisfying
those requirements. Building on this framework, we conducted a series of field experiments,
and collected a novel dataset, at the Canadian Space Agency Mars Yard [285], a planetary
analogue terrain designed to simulate realistic planetary conditions. We use Swarm-SLAM as
a case study to evaluate the current performance of state-of-the-art decentralized C-SLAM.
We look in particular at the challenges related to limited and intermittent inter-robot com-
munication, as well as the difficulties posed by the terrain in terms of vibrations, lack of

distinctive features, and perceptual aliasing.

7.2.1 Contributions

This paper is the culmination of extensive multi-robot experiments on the planetary analogue

environments shown in Fig. 7.1. As a result, we present the following contributions:

o The design of a decentralized three-robot system connected through ad-hoc networking,

and its deployment on a planetary analogue environment;

e A novel dataset collected during our experiments that includes LiDAR, IMU, and,

unlike prior works, peer-to-peer inter-robot communication throughput and latency
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estimates that are valuable for evaluating the communication consumption of C-SLAM
or other multi-robot algorithms. Our dataset is available here: https://github.com/
MISTLab/Mars_Analogue_CSLAM_Dataset;

o A thorough analysis of the accuracy and efficiency of decentralized C-SLAM, exposing

limitations of current approaches and open challenges.

We believe that the challenges and lessons learned from our experiments will be valuable for

both the space robotics and C-SLAM research communities.

The remainder of this paper is divided as follows: Section 8.3 presents background knowl-
edge and related work on decentralized C-SLAM, inter-robot networking, and localization
challenges in space analogue environments; Section 7.4 describes our experimental setup
comprising the robots and sensors used and key characteristics of the terrain on which they
were deployed; Section 7.5 presents the accuracy results of our Swarm-SLAM decentral-
ized C-SLAM algorithm and localization challenges inherent to planetary analogue terrains;
Section 7.6 discusses the calibration trade-offs between accuracy and resource efficiency in
terms of communication and computing; finally, Section 8.6 offer some insights gained during
our experiments and open challenges that we identify for the future of C-SLAM for space

robotics.

7.3 Background and Related Work

7.3.1 Decentralized Collaborative Simultaneous Localization and Mapping
Centralized vs Decentralized

C-SLAM systems are typically categorized into centralized or decentralized solutions. Cen-
tralized C-SLAM relies on a main server or base station that gathers mapping data from
all participating robots and computes a common global localization and mapping estimate
for the whole team. This setup requires robots to maintain a stable, continuous connection
to the base station, leading to significant challenges in scalability due to potential commu-
nication bottlenecks. It is also vulnerable to failures in the central computing node [181].
Such stringent connectivity and reliability requirements can be impractical, particularly in

planetary environments without pre-existing networking architectures.

In contrast, decentralized C-SLAM systems operate without a centralized server, instead uti-
lizing occasional, peer-to-peer communication among robots. This approach is advantageous
in environments where constant connectivity is unreliable or impossible. However, decentral-

ized systems face their own set of challenges, as they are limited by the robots’ individual
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computing and communication resources. They also demand more complex strategies for
data handling and coordination to ensure accurate and consistent SLAM results across the
team of robots [252].

Both centralized and decentralized C-SLAM systems share a similar architecture with single-
robot SLAM systems, consisting of two key components: the front-end and the back-end.
The front-end is responsible for tasks such as feature extraction and data association, which
involve identifying and matching environmental features to aid in robot relocalization. The
back-end, on the other hand, is dedicated to state estimation, determining the robots’ poses
(i.e., their positions and orientations) relative to the constructed map of the environment [1].
In collaborative state estimation, the maps and poses of the robots are integrated into a com-

mon frame of reference, allowing for consistent and unified positioning across all robots [24].

Front-End

A major challenge in the C-SLAM front-end is efficiently detecting and computing inter-
robot loop closures. These loop closures occur when two or more robots identify common
landmarks or locations they have previously explored. Such shared features act as connection
points that allow the integration of local maps from individual robots into a unified global
reference frame. Because transmitting entire maps can be prohibitively expensive in terms
of communication costs, inter-robot loop closure detection is typically handled in a two-step
process [37,62].

In the first step, robots exchange compact descriptors, which are simplified representations
of their data, such as image descriptors (e.g., CosPlace [273]) or LiDAR scan descriptors
(e.g., ScanContext [274]). These descriptors enable place recognition by calculating sim-
ilarity scores to identify overlaps in the environments mapped by different robots. High
similarity scores suggest potential loop closure candidates, indicating that the robots might

have traversed the same place.

The second step focuses on these identified candidates. For each candidates with high sim-
ilarity, more detailed and computationally expensive descriptors, like 3D keypoints or full
scans, are exchanged. These are used to perform precise geometric registration between the
corresponding data from different robots, establishing accurate positional and rotational links
between them. The resulting pose measurements, called loop closures, are then integrated

into the robots’ pose graphs, to merge the maps and enhance the state estimation accuracy.

In the case of LIDAR scans, since point clouds often include noise and outliers, robust methods

like TEASER++ [286] are employed to ensure accurate registration without needing an initial
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pose guess. This capability is especially valuable in C-SLAM, as the robots generally do not

know their relative positions or trajectories prior to the first map merging.

Back-End

The C-SLAM back-end is tasked with estimating the most likely robot poses and maps from
the noisy data collected by the robots. To reduce the computational cost of large-scale SLAM
problems; which is especially challenging for multi-robot mapping, most approaches utilize
some form of pose graph optimization. This method marginalizes environmental features into
inter-pose measurements, solving the optimization problem by focusing only on the poses.
While single-robot solvers can be directly applied to multi-robot scenarios, as demonstrated
in our approach [284], several distributed multi-robot solvers have been developed [53,126,
230]. These distributed approaches offer the advantage of better computational scalability
as they distribute the workload among connected robots. However, they require substantial
bookkeeping and data exchange during optimization, and the associated network delays can
negate the computational benefits. To address these issues, our method opts to perform

optimization on a single dynamically elected robot during each robot rendezvous.

A common challenge in SLAM systems, including C-SLAM, is the prevalence of erroneous
measurements due to perceptual aliasing [5]. Perceptual aliasing occurs when different loca-
tions in the environment appear too similar and lack distinctive features, leading to incorrect
data associations during place recognition. To mitigate this issue, Mangelson et al. [143]
introduced Pairwise Consistency Maximization (PCM), which enhances robustness by iden-
tifying the largest set of consistent inter-robot measurements. In another line of work, Yang
et al. [140] proposed the Graduated Non-Convexity (GNC) algorithm, a flexible and robust
tool for various optimization tasks. GNC is employed by the elected robots in Swarm-SLAM
for pose graph optimization. Tian et al. [63] have extended GNC for use in distributed

implementations.

Recently, numerous C-SLAM frameworks have emerged, each contributing to advancements
in distributed mapping. DSLAM [37] was a pioneering system that used CNN-based image
descriptors for place recognition and distributed pose graph optimization. DOOR-SLAM [62]
further developed these ideas by integrating PCM for outlier rejection and adapting the sys-
tem to handle intermittent inter-robot communication, eliminating the need for full connec-
tivity between robots. DiSCo-SLAM [275] expanded these concepts to LiDAR-based map-
ping, using ScanContext descriptors [274] for place recognition. Kimera-Multi [63] combines

classical approaches to place recognition and registration with a distributed version of GNC.

Centralized C-SLAM systems have also advanced considerably. COVINS [61] optimizes
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visual-inertial SLAM by reducing computational load through the elimination of redundant
keyframes. LAMP 2.0 [276] employs a Graph Neural Network-based prioritization mecha-
nism to evaluate inter-robot loop closure candidates, predicting the optimization outcomes
and selecting the most promising candidates for further processing. Maplab 2.0 [220] is de-
signed to support varying sensor modalities and configurations, enabling flexible multi-robot
mapping.

Swarm-SLAM [284], our recently proposed system described in Fig. 7.2, builds on these ad-
vancements by introducing a novel sparse inter-robot loop closure prioritization technique to
reduce communication overhead. It uses ROS 2 and includes a neighbor management sys-
tem that integrates smoothly with ad-hoc networking, enhancing C-SLAM’s adaptability to
intermittent communication scenarios. For a comprehensive review of C-SLAM technologies,

we refer the readers to [252].

7.3.2 Ad-hoc Inter-Robot Communication

Ad hoc networks play a crucial role in enabling multi-robot mapping, allowing robots to
communicate directly with one another without relying on a pre-existing infrastructure. In
the early exploration of ad-hoc inter-robot communication for collaborative mapping, Sheng
et al. [287] proposed a 2D grid-based approach that minimizes data exchange by leveraging
known relative poses between robots. More recently, Varadharajan et al. [288] addressed
the broader challenge of efficiently sharing large volumes of data, such as maps, within
distributed robot networks by introducing a peer-to-peer data sharing system specifically
designed for high data loads. To ensure reliable inter-robot communication, it is crucial
to consider the robot topology, as it directly influences the available communication paths
between connected agents [289,290]. For example, Varadharajan et al. [291] proposed a fully
decentralized connectivity algorithm robust against individual robot failures. This approach
allows robots to autonomously adjust their positions to maintain network connectivity with
a ground station, ensuring stable communication despite dynamic conditions and potential

disconnections.

While some C-SLAM systems, like those described in [37,61] require fully connected networks,
recent approaches have been designed to be resilient to disconnections. For instance, our prior
work [62] and Tian et al. [292] propose C-SLAM frameworks that can withstand intermittent
communication losses. More recently [284], we successfully deployed C-SLAM with ad-hoc
networking in real-world settings, demonstrating the practical feasibility of decentralized
multi-robot mapping in challenging environments without the need for complex continuous

connectivity maintenance.
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Figure 7.2 Swarm-SLAM Overview. Our collaborative SLAM system is fully decentralized
and supports intermittent inter-robot communication. Swarm-SLAM takes odometry and
raw sensor data as input, performs place recognition and registration to produce loop closures,
and dynamically elects a robot among the network neighbors to optimize the multi-robot pose
graph.

7.3.3 Multi-Robot Mapping Datasets

Existing datasets in C-SLAM typically fall short of capturing realistic multi-robot scenarios,
as they often involve only one robot at a time, resulting in the absence of dynamic objects,
and systematically lack inter-robot network conditions estimates. This represents a signifi-
cant gap in the literature, particularly regarding experimental data from planetary analogue
environments where inter-robot communication is intermittent due to large distances and

obstacles that cause non-line-of-sight conditions between robots.

One of the early efforts in multi-robot datasets was the UTTAS dataset by Leung et al. [174],
which involved five robots operating within a single indoor room. This dataset set the
groundwork for collaborative SLAM but was limited to a static, confined environment. More
recently, Dubois et al. [175] proposed incorporating both ground and aerial robots in in-
door settings, using stereo cameras. Collected during larger scale outdoor environment, Zhu
et al. [233] introduce GrAco a multimodal dataset featuring ground and aerial LIDAR and
stereo sequences captured on a college campus. This dataset offered more diverse environ-
mental settings but remained limited to structured outdoor spaces. A notable step forward
in scaling and realism came from Tian et al. [292], who developed an online dataset featur-

ing up to eight robots equipped with cameras and LiDAR, operating in large-scale, indoor
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Table 7.1 Content per robot of our novel dataset, comprising SLAM and inter-robot commu-
nication sensing data.

Sensor Data Types Frequency (Hz)
: Point Clouds 9.81
Ouster LIDAR OS0 MU 08.54
Vector VN-100 IMU 196.32
Pairwise lat it

each other robot ‘()Vrils 0.92

GL iNet AX1800 Pairwise th hput with
cach other Tobot (Kbps 0.93

U-Blox ZED F9 GPS GPS fix 9.00

and outdoor environments with human-made structures. Feng et al. [232] introduced the
S3E dataset, which specifically targets C-SLAM scenarios with three synchronized robots in

multiple indoor and outdoor environments.

Most relevant to our work, Zhao et al. [234] addressed some of these limitations with the
SubT-MRS dataset, which includes diverse robots operating in various environments, in-
cluding challenging, degraded conditions similar to the planetary analogue field used in our
experiments. This dataset significantly contributes to the field by simulating more realistic
conditions for multi-robot systems. Our dataset aims to further advance robustness and
resilience in degraded environments, while also providing data on real inter-robot commu-
nication capacity in the field. To that end, our dataset, described in Table 7.1, includes

periodic pairwise latency and throughput estimates.

7.4 Experimental Setup

Our experiments were conducted in a Mars analogue field designed to simulate the challenging
conditions of planetary surfaces. The terrain included a mix of sand, various types of rocks,
slopes, and uneven ground, closely mimicking the environment that robots would encounter
on actual space missions (see Fig. 7.3). These features pose significant challenges for robot
mobility, perception, and communication, making this setup ideal for testing decentralized

C-SLAM algorithms in realistic conditions.

The experiments involved three robots exploring the field simultaneously, each remotely con-
trolled by human operators. This setup allowed for testing the robots’ ability to maintain
ad hoc communication and correctly localize themselves in a dynamic and degraded environ-

ment. As illustrated in Fig. 7.7, the robots followed roughly similar trajectories, but each
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Figure 7.2 (a) Figure 7.2 (b) Figure 7.2 (c)

Figure 7.2 (d) Figure 7.2 (e) Figure 7.2 (f)

Figure 7.3 Images of the Canadian Space Agency Mars Yard terrain captured by cameras
onboard the robots. Images (a) to (e) illustrate the diverse and challenging features of the
terrain. Panel (f) demonstrates instances where the robots are occasionally within line-of-
sight of each other, acting as challenging dynamic objects.

in different order and directions. This approach ensured that each robot covered nearly the
entire field, maximizing overlap between the maps, and thus producing as many loop closing

matches as possible for our system analysis in Section 7.6.

7.4.1 Robot Design

Our experiments were conducted using three robots: one AgileX Scout 2.0 Rover, shown
in Fig. 7.4, and two AgileX Bunkers, shown in Fig. 7.5. All robots were mounted with
NVIDIA Jetson Xavier (32GB) for data processing, GL iNet AX1800 router for wireless
network, Ouster LiDAR OS0, Vector IMU VN-100 and U-Blox ZED F9 modules for GPS
positioning (FOP for bunkers and FIR for the rover). Our Swarm-SLAM system was con-
figured with LiDAR as the primary sensor for environment mapping and localization. For
odometry, we used the LIO-SAM algorithm [293], which integrates LiDAR and inertial data
to provide accurate and robust local pose estimation in real-time. For place recognition, we
employed ScanContext [274], a method that generates compact descriptors of LiDAR scans
for recognizing previously visited locations. To determine similarities between locations, we
used cosine similarity to compare the ScanContext descriptors. To ensure robust 3D regis-
tration of the point clouds matched with ScanContext, we integrated TEASER++ [286], a
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state-of-the-art algorithm designed for fast and certifiable registration of point clouds. We
applied a threshold of 80 inlier points required for a registration to be considered successful,
ensuring that only high-confidence matches contributed to the collective map. To evalu-
ate Swarm-SLAM’s odometry estimates, the robots were equipped with U-Blox ZED GPS
modules. The modules on the robots were programmed to correct their GPS estimates by
receiving RTCM correction data from our GPS station. Our GPS RTK station comprises of
a laptop connected to our ad-hoc network, and a U-Blox ZED GPS module. First the module
is configured to perform the survey-in procedure, where the module calibrates its position
with an accuracy of up to 20cm. After reaching the target accuracy, our GPS station starts
a NTRIP server to broadcast the RT'CM correction data on the network.

7.4.2 Ad-hoc Networking

We developed a Mobile Ad-Hoc Network (MANET) using a custom network stack imple-
mented on GL iNet AX1800 routers, which run OpenWRT [294]. Each robot, along with the
ground station, was equipped with a router responsible for managing both internal commu-
nications among the robot’s hardware components and external communications with other
robots via the MANET. The inter-robot links were based on IEEE 802.11s, combined with
batman-adv, a dynamic link-state routing protocol operating at the data link layer (Layer
2). Batman-adv continuously broadcasts network updates, maintaining a routing table that
ensures seamless communication between nodes (i.e., robots) throughout the deployment.

The overall communication architecture is illustrated in Fig. 7.6.

The MANET backbone relies on IEEE 802.11s, configured without frame replication to op-
timize bandwidth usage and allow batman-adv to provide adaptive routing. Key parameters
were adjusted to support fast adaptation to network changes (root mode, active path time-
outs, etc.), allowing for rapid disconnection and reconnection under low signal conditions.
The 2.4GHz and 5GHz radios were bonded into a shared interface managed by batman-adv,
enabling dynamic frequency switching. This setup leverages the range of 2.4GHz, which
is more susceptible to interference but offers wider coverage, and the higher bandwidth of
5GHz, which is better suited for shorter-range, high-data-rate communications. This dual-
frequency capability allows the network to automatically choose the optimal frequency and
routing path, supporting both direct and multi-hop communication. We also consider an
optional 900MHz channel for specific use cases requiring long-range communication (several
kilometers), which was not needed given the size of the CSA Mars Yard. In fact, we used the
standard antennas present on the AX1800 routers to have a more challenging communica-

tion environment with ranges up to 40 meters, whereas high-gain antennas or more powerful
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routers could have provided communication range up to hundreds of meters and covered the

entire terrain.

To ensure connectivity with the operator computers, the bonded interface was bridged with
a 802.11ac link in station mode and the robots’ local Ethernet network. In other words, each
robot acts as a wireless access point, and all the on-board computers share the same subnet.
The network incorporates 802.11r for fast transitions, enabling operator laptops to seamlessly
connect and switch between access points, whether on the ground station or directly to
robots. All robots were configured to operate on a unified subnet, while VLANs were used to
segregate local components outside the bridge, reducing interference and preventing flooding
(e.g., isolating LiDAR data streams from other local network traffic). All computers were
set up to use AVAHI AutolP for service and name discovery under the .local domain. All
data distribution between robots is provided by Zenoh [295], which offers a minimal overhead

publish-subscribe communication API.

The ground station was configured similarly to the robots but had an additional gateway for
Internet access. This gateway facilitated software updates for the robots and synchronized
their system clocks, ensuring consistent timing across the network. Furthermore, the ground
station acted as a control hub, enabling operators to monitor robot status, trigger behaviors,

and manage overall mission coordination within the network’s communication range.

7.4.3 Peer-to-Peer Bandwidth Estimation

To assess the communication performance between the robots, we conducted pairwise peer-
to-peer communication estimations every second throughout our data collection experiments.
We measured throughput using iperf [296], a tool designed for active measurements of the
maximum achievable bandwidth. For latency measurements, we employed fping [297], a
program that sends ICMP echo probes to calculate round-trip times between the robots. The
robots clocks were all synchronized using NTP before data collection. This approach enabled
us to monitor the latency of communications dynamically as the robots moved through
the Mars analogue field, reflecting the impact of varying distances, obstacles, and network
topology changes on communication delays. To ensure that our estimates were as accurate
and reflective of real-world conditions as possible, we minimized additional network traffic

by not running any other software that required data transmission.
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Figure 7.7 Swarm-SLAM Pose Graph Estimates and GPS ground truth. Absolute Translation
Error: 3.74+1.63 meters.

7.5 Decentralized Collaborative SLAM

We used Swarm-SLAM to process the entire data sequences from the robots, generating
the multi-robot pose graph solution illustrated in Fig. 7.7. The GPS ground truth data
is also displayed for comparison. To quantify the accuracy of the SLAM estimates, we
employed the evo software [298] to compute error metrics. The results showed an Average
Translation Error (ATE) of 3.74 +1.63 meters between the estimated poses and the ground
truth. Interestingly, while reasonable, our results are far from perfect, suggesting that future
research could leverage our dataset to develop new techniques that improve localization and

mapping accuracy in C-SLAM within this type of difficult environment.

A detailed breakdown of the error distribution per robot is presented in Fig. 7.8. Notably,
the error for Robot 1 is significantly lower than that of Robots 2 and 3. We hypothesize that
this variation is due to differences in robot design. While Robot 1 features large wheels and
suspension, which is well suited for navigation on sandy terrain with numerous small rocks,
Robots 2 and 3 are equipped with tracks, which are less effective in these conditions. To
verify this hypothesis, we analyzed the linear acceleration data from the IMUs embedded in
the 3D LiDAR sensors of each robot, shown in Fig. 7.9. This revealed that Robots 2 and
3 experienced significantly higher vibration levels compared to Robot 1, indicating that the

wheeled configuration of Robot 1 is more compatible with the challenging terrain.
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Figure 7.9 Linear acceleration magnitude from the onboard LiDAR IMUs. We removed the
IMU bias and show the average as a dotted line for better comparison. We can see that the
Robot 1 (on wheels) was less affected by vibrations than Robot 2 and 3 (on tracks).



89

These increased vibrations in Robots 2 and 3 likely led to reduced LiDAR odometry accu-
racy as it may cause the loss of points and hinder data association [299]. To confirm this,
we measured the ATE for the odometry of each robot individually: Robot 1 exhibited an
odometry ATE of 2.45+1.14 meters, while Robot 2 and Robot 3 had higher ATEs of 4.29
+1.76 meters and 3.61 +£1.72 meters, respectively.

Despite the wheeled robot’s better performance in terms of reduced error, it faced its own
challenges. Robot 1, with its large wheels, was more susceptible to becoming stuck, especially
in wet sand, whereas the track-equipped Robots 2 and 3 demonstrated superior traction and

reliability.

7.6 Resource Efficiency

This section delves into the resource efficiency of our decentralized C-SLAM solution when
deployed in planetary analogue environments. Decentralized C-SLAM systems must operate
within the constraints of available computing power, memory, and inter-robot communication
resources, requiring strategic trade-offs to ensure effective performance under these limited

conditions.

In Section 7.6.1, we analyze the inter-robot communication metrics gathered during our
experiments and compare them to the default requirements of our C-SLAM approach. This
analysis provides a critical evaluation of the realism and feasibility of our solution in practical
scenarios, assessing whether the system’s communication demands are compatible with the

actual network conditions experienced in the field.

Section 7.6.2 addresses the calibration of key parameters to tune the C-SLAM system for
real-world deployments. We explore the trade-offs between map accuracy and available com-
munication bandwidth, illustrating how adjusting these parameters can influence the system’s
overall performance. Clear understanding of these trade-offs is essential, as it enables more

informed decisions regarding the suitability of the approach for different mission scenarios.

Moreover, well-defined trade-offs significantly enhance the tunability of the system. A so-
lution that is easier to calibrate not only streamlines deployment but also increases the
likelihood of adoption, particularly by users who are not SLAM experts. By simplifying the
tuning process, the technology becomes more accessible and adaptable, making it a practical

choice for a wider range of applications and user groups.
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Figure 7.10 Inter-robot latency measurements between each pair of robots during the field
mission. The plot shows latency values in both directions for all robot pairs, along side the
inter-robot distance, illustrating the variability in communication delays and the impact of
inter-robot distance on latency. Higher latency values highlight the challenges of maintaining
real-time communication in decentralized C-SLAM deployments.

7.6.1 Ad-hoc Inter-Robot Communication

We analyzed the available pairwise peer-to-peer inter-robot communication bandwidth dur-
ing our field mission, as peer-to-peer communication is the backbone of scalable and resilient
multi-robot operations. A system that relies primarily on local inter-agent data transmission
can better scale to large groups of robots because it avoids the need for a central communica-
tion node, which can become a bottleneck or critical point of failure [20]. To demonstrate the
capabilities of our system, we present latency measurements in both directions for each of the
three robot pairs in Fig. 7.10. The observed latencies range from 100ms to 400ms, which, even
without considering computation time, imposes significant constraints on real-time C-SLAM

deployment.

To address this challenge, our approach maintains a real-time, local single-robot SLAM
estimates, which are periodically updated and corrected using the multi-robot estimates
that incorporate the multi-robot pose graph and inter-robot loop closures. Additionally,
Fig. 7.10 shows the distance between robots at each timestep, calculated using GPS data.
The comparison between latency and inter-robot distance indicates that our networking setup
tends to lose connectivity when robots are approximately 40 meters or more apart. This
finding highlights the need for approaches that can handle disconnections and effectively

recompute a consistent map when robots reconnect.
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Figure 7.11 Inter-robot throughput between each pair of robots during the field mission,
measured in both directions. The plot shows data transmission rates ranging from approx-
imately 5 to 20 Mbps when the robots are within communication range, underscoring the
tight communication constraints in decentralized C-SLAM systems.

In Fig. 7.11, we also present the throughput between robots in both directions for each
pair, with values ranging from approximately 5 to 20 Mbps when connected. Comparing
throughput with inter-robot distances confirms the consistency of our latency estimates with
the throughput data.

Using these throughput estimates, Fig. 7.12 illustrates the accumulated communication
throughput over time across all robot pairs, plotting the cumulative available communica-
tion bandwidth in megabytes at each timestep. We compared this field-measured bandwidth
with the unconstrained bandwidth usage of Swarm-SLAM. To accurately measure the un-
constrained bandwidth usage, or maximum bandwidth consumption, we ran three agents in
parallel on a single machine, each processing sensor data from one robot in our dataset. We
mesured all data transmission through the ROS 2 nodes of different agents, distinguishing
between back-end and front-end processes to better identify their relative bandwidth require-
ments. Our findings indicate that front-end processes dominate the overall communication
load. A key insight from Fig. 7.12 is that while available bandwidth is initially sufficient,
communication demands rapidly increase, eventually exceeding the available capacity. This
is attributed to the initially small individual robot maps with limited overlap, resulting in
minimal need for resource-intensive 3D registration. However, as each robot explores and
expands its map, the level of overlap with other robots increase. Subsequently, the number of
successful place recognition matches grows, leading to a rise in communication requirements.

Interestingly, this shows that although increased map overlap will ultimately enhance map
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Figure 7.12 Comparison of communication usage versus total available throughput over time
during the field mission. The plot shows the cumulative communication bandwidth utilized by
the C-SLAM system against the measured total throughput, highlighting how communication
demands increase and eventually exceed available capacity.

merging accuracy, it also demands more communication and computation to be effectively
processed. Therefore, our experiments represent a challenging scenario in terms of inter-robot
bandwidth due to the substantial overlap between robot trajectories and maps, making this

a valuable case study for understanding the communication limits of C-SLAM systems.

It is important to note that the results in Fig. 7.12 were obtained using default parameters:
a ScanContext cosine similarity threshold of 0.7 and a minimum of 80 inlier points for regis-
tration. As will be discussed in Section 7.6.2, these settings generate numerous loop closure
candidates, including incorrect ones, and may not be the most communication-efficient. We
will explore how strategic tuning of these parameters can enhance communication perfor-

mance without compromising the accuracy of the C-SLAM solution.

7.6.2 Impacts of C-SLAM Calibration

Calibrating key parameters of decentralized C-SLAM systems is crucial for meeting com-
munication constraints, which is especially important in resource-limited environments like

planetary analogue settings.
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Communication Budget

In Swarm-SLAM [284], we introduced a communication budget, defined as the number of
inter-robot loop closure matches selected from all candidate matches identified through place
recognition. This budget uses a spectral sparsification approach to prioritize candidate
matches before they are send to the, more communication and computation-intensive, 3D

registration step, as shown in Fig. 7.2.

The prioritization process focuses on selecting matches that are most likely to improve the
accuracy of the multi-robot pose graph, making it particularly valuable when high map
overlap generates an excess of place recognition matches beyond available resources. It is
also useful when robots reconnect after extended periods of disconnection, during which
they accumulate a backlog of place recognition matches that could take significant time and
communication to process entirely. By carefully prioritizing which matches to process, we
can improve the trade-off between communication and accuracy, allowing a small number of

well-chosen loop closures to closely approximate the optimal C-SLAM solution.

Therefore, the communication budget directly controls how much data Swarm-SLAM trans-
mits at each timestep. In Fig. 7.13, we show the optimal match selection budget at each
timestep versus the cumulative throughput. In practice, this budget is often set to a fixed
value, but our results suggest that adapting the budget dynamically could better utilize
available bandwidth. However, evaluating throughput online during experiments poses a
challenge as most estimation techniques require sending large volumes of data to test the

limits of the network, which could interfere with ongoing communication.

Place Recognition

In Fig. 7.14, we explore the relationship between the number of loop closures (y-axis) and
the place recognition similarity threshold (x-axis). We categorize loop closures into three
groups: correct loop closures (in green) with translation errors below the average error of the
optimized multi-robot pose graph, less accurate or incorrect loop closures (in yellow) with
errors above the average, and failed matches (in red) where high descriptor similarity did not
result in successful registration due to insufficient inlier points. The plot demonstrates that
lower, less conservative, similarity thresholds result in more loop closures, but many of these
are incorrect or failed registrations. Conversely, increasing the threshold reduces incorrect
matches but also significantly decreases the number of correct ones within a certain range
(0.7 to 0.85), revealing a trade-off between conservativeness and loop closure quantity. This

gap indicates that current similarity measures, such as those used in ScanContext, cannot
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Figure 7.13 Communication budget versus total available throughput during the field mission.
The plot illustrates the relationship between the communication budget—defined as the
number of prioritized inter-robot loop closures—and the cumulative available throughput.
This emphasizes the need for adaptive communication strategies to optimize bandwidth usage
in decentralized multi-robot systems.
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Figure 7.14 Number of loop closures versus place recognition similarity threshold. The plot
categorizes loop closures into correct, incorrect, and failed registrations, showing how varying
the similarity threshold impacts the quantity and quality of loop closures. This highlights
the trade-offs involved in setting similarity thresholds for optimal performance.
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perfectly predict the quality of loop closures post-registration.

To isolate the effect of the similarity threshold, we used a very loose threshold of only 10 inlier
points for subsequent 3D registration. Although robust pose graph optimizers like GNC [140]
can tolerate some incorrect or outlier loop closures, they incur significant computational costs,
often requiring several seconds compared to milliseconds for standard optimizers. Reducing
the number of incorrect loop closures through better front-end calibration could thus lead to

notable efficiency gains in back-end optimization.

In the same figure, the right y-axis shows communication efficiency in terms of KBytes
per correct loop closure. Generally, more conservative similarity thresholds lead to better
communication efficiency due to fewer incorrect loop closures. However, while conservative
thresholds may work well in high-overlap scenarios like our experiments, they risk missing
inter-robot loop closures in environments with less map overlap, where loop closures are more
rare. Thus, in low-overlap scenarios, it may be advisable to use less conservative thresholds

in order to perform map merging and achieve a C-SLAM solution.

Registration

In Fig. 7.15, we examine the number of loop closures (correct in green, incorrect in yellow)
relative to the number of inlier points during registration, using a very low similarity thresh-
old of 0.1 to focus on the number of inliers effect. The results show that, again, there is a
trade-off between setting more conservative thresholds and the total number of loop closures.
Unfortunately, this parameter alone is not a reliable predictor of loop closure accuracy, as
some loop closures with over 300 inliers were still incorrect. Consequently, more conserva-
tive thresholds can worsen communication efficiency, as they reduce correct loops without

effectively filtering out incorrect ones.

As shown in Figs. 7.14 and 7.15, our experiments indicate that planetary analogue environ-
ments are prone to place recognition outliers and inaccurate 3D registrations. The flat terrain
and lack of distinctive features often cause different places to appear similar. In Fig. 7.16, we
illustrate this phenomenon with two point clouds with a high ScanContext similarity of 0.757
and a substantial number of inliers (381), which, despite looking similar, represent distinct
locations 17.28 meters apart. Importantly, as we have shown, these outliers not only affect

overall accuracy but also negatively impact communication efficiency.
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Figure 7.15 Number of loop closures versus the number of inlier points during 3D registra-
tion. The plot distinguishes between correct and incorrect loop closures, demonstrating how
varying the inlier threshold affects the accuracy and quantity of loop closures.

7.7 Conclusions and Open Challenges

In this paper, we presented a comprehensive evaluation of decentralized C-SLAM in planetary
analogue environments, addressing the unique challenges posed by difficult terrain, limited
resources, and the need for efficient communication strategies. Our experiments highlighted
several critical insights into deploying decentralized C-SLAM in such challenging settings,
where the terrain affects robot mobility and sensor data quality due to vibrations and uneven
surfaces. These conditions underscore the need for robust, adaptable SLAM algorithms

capable of maintaining accuracy in uncontrolled environments.

One of the primary challenges identified is the constraint imposed by limited resources—
namely, communication bandwidth, computational power, and memory. Effective operation
in such environments demands careful and adaptive tuning of system parameters, with a
significant emphasis on optimizing communication, which frequently emerges as the most
limiting factor. Our findings show that the C-SLAM front-end consumes the bulk of the
communication bandwidth, underscoring the need for future research to reduce its demands.
Potential strategies include more efficient data representation, compression, and selective data

sharing, which can alleviate the communication burden without compromising performance.

Moreover, our study revealed a persistent trade-off between communication and accuracy in

current C-SLAM approaches. Enhancing this trade-off remains an open challenge, with fu-
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Figure 7.16 Ambiguity in LiDAR scan matching, showing two scans with a ScanContext
similarity of 0.757 and 381 inlier points during 3D registration. Despite the high similarity
and significant number of inliers, the ground truth distance between the two scans is 17.28
meters, illustrating the challenge of accurately distinguishing distinct locations in feature-
sparse, flat terrain environments. This example highlights the limitations of current place
recognition metrics in differentiating between similar but distinct places.

ture research potentially focusing on improving accuracy without proportionately increasing
communication and computational demands. This could be achieved by refining existing al-
gorithms, exploring novel sensing and mapping paradigms, or developing more efficient data

fusion techniques.

Our Swarm-SLAM approach is intentionally designed to be general and applicable across
a wide range of scenarios, beyond just planetary analogue environments. It relies on inex-
pensive onboard sensors and simple peer-to-peer communication links, making it particularly
suitable for early space missions where permanent networking or localization infrastructure—
such as satellites or base stations—has yet to be established. However, the integration of
infrastructure like orbital satellites or base stations with long-range, high-power network-
ing and localization capabilities could significantly enhance SLAM performance by providing

external or global sensing for the entire group of robots.

We believe that, in the future, the most effective approaches for space exploration will involve
a hybrid strategy that fuses local sensing and estimation with global sensing capabilities. This
fusion would ensure safe and reliable autonomy through local sensing and allow for decen-
tralized inter-robot mapping during periods of communication loss or base station outages,
while benefiting from external sensing and larger computing resources when available. This
balanced integration of local autonomy and global coordination is key to overcome the unique

challenges of operating in extraterrestrial environments.

Ultimately, advancing C-SLAM technology for space exploration will require continuous re-
finement of these adaptive strategies to meet the evolving demands of complex and resource-
constrained environments. By enhancing our understanding of the trade-offs between com-
munication, computation, and accuracy, we can better equip multi-robot systems to navigate

and map new frontiers—whether on Earth, the Moon, Mars, or beyond.
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CHAPTER 8 ARTICLE 5 : MOLD-SLAM: MINIMAL OVERLAP LOOP
DETECTION FOR MULTI-ROBOT COLLABORATIVE VISUAL SLAM

Preface: This paper introduces MOLD-SLAM, a decentralized collaborative SLAM
(CSLAM) approach that uses 3D foundation models to generate reliable inter-robot loop
closures even with large viewpoint differences. MOLD improves localization accuracy, re-
solves 3D scale ambiguities, and outperforms existing methods in accuracy, efficiency, and
scalability for multi-robot applications.

This work has been submitted to the IEEE Transactions on Robotics.

Contributions: This project was conducted jointly at the MIST Laboratory at Polytech-
nique Montréal and the Mobile Robotics Group at Oxford University. The project was con-
ceptualized in close collaboration with Benjamin Ramtoula, under the guidance of Daniele
De Martini and my supervisor, Giovanni Beltrame. I implemented the proposed approach,
conducted the experiments, and wrote the majority of the paper, regularly incorporating
feedback and discussing preliminary results with my coauthors.

Full Citation: Pierre-Yves Lajoie, Benjamin Ramtoula, Daniele De Martini, Giovanni Bel-
trame, "MOLD-SLAM: Minimal-Overlap Loop Detection for Multi-Robot Collaborative Vi-
sual SLAM," Submitted to IEEE Transactions on Robotics, 2024.

Submission date: November 3rd 2024

8.1 Abstract

Decentralized C-SLAM often faces challenges in identifying map overlaps due to differences
in viewpoints among robots, resulting from varying trajectories and sensor placements. Mo-
tivated by the capability of recent 3D foundation models to successfully register images with
large viewpoint differences, we present MOLD-SLAM. Our approach consists in a novel de-
centralized C-SLAM approach that leverages a 3D foundation model to generate inter-robot
loop closures. Our contributions include: 1) integrating 3D foundation models for pose es-
timation from pairs of monocular images into C-SLAM; 2) developing robust techniques to
mitigate outliers; and 3) proposing pose graph formulations that efficiently merge individual
robot maps and resolve 3D scale ambiguities. Experimental results demonstrate the effec-
tiveness of MOLD-SLAM in enhancing C-SLAM performance compared to state-of-the-art
approaches. We evaluate our system’s performance in terms of accuracy, as well as com-
putational, memory, and communication efficiency, highlighting its potential for large-scale

multi-robot applications.
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8.2 Introduction

Decentralized Collaborative Simultanecous Localization and Mapping (C-SLAM) is a critical
capability for multi-robot systems operating in unknown environments. In these scenar-
ios, as illustrated in Fig. 8.1, multiple robots must explore the environment independently,
while exchanging information to build a shared global map. This task becomes particularly
challenging when the robots’ viewpoints differ significantly due to varying trajectories and
diverse sensor placements, making it difficult to establish overlapping map sections and gen-
erate reliable inter-robot loop closures [284]. As a result, many existing C-SLAM systems
struggle to achieve robust map fusion and accurate localization in such situations, limiting

their performance and scalability.

To address these challenges, we propose Minimal Overlap Loop Detection SLAM (MOLD-
SLAM), a novel decentralized C-SLAM framework that leverages the latest advancements in
3D foundation models [237,238] to improve inter-robot loop-closure detection. The core idea
behind MOLD-SLAM is to exploit the impressive ability of 3D foundation models, shown
in Fig. 8.2, to perform relative-pose estimation from pairs of monocular images with minimal

overlap between the robots’ observed areas, or even from opposite viewpoints.

MOLD-SLAM introduces three main contributions:

« the integration of a 3D foundation model (MASt3R [238]) into the C-SLAM pipeline
to estimate relative poses between robots based on monocular image pairs, providing a

means to detect inter-robot loop closures in situations with limited viewpoint overlap;

o outlier detection and uncertainty modelling specifically designed for 3D relative pose
estimation with MASt3R, to ensure that only reliable loop closures are used for map

fusion;

Figure 8.1 Illustration of the decentralized C-SLAM problem. FEach robot independently
explores an unknown environment, generating its own map. Upon meeting, the robots ex-
change data and compute inter-robot loop closures to register and eventually fuse their maps,
thereby enhancing localization accuracy and enabling collaborative behaviors.
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o a set of specialized pose-graph optimization formulations to merge individual robot
maps, resolving 3D scale ambiguities of the generated loop closures and refining the

overall localization accuracy.

Overall, our contributions enable us to leverage recent advances in 3D foundation models to
enhance the robustness of C-SLAM and its performance across a wider range of environments
and multi-robot missions. We evaluate the performance of MOLD-SLAM against state-of-the-
art decentralized C-SLAM algorithms in multiple multi-robot dataset sequences. Our results
demonstrate that the powerful representations generated by 3D foundation models enable
substantial improvements in localization accuracy while reducing computational, memory,
and communication overhead through specialized optimization and keyframe sparsification.
This makes MOLD-SLAM a promising solution for large-scale multi-robot deployments in
unknown environments, where inter-robot collaboration is crucial for efficient exploration

and mapping.

The remainder of the paper is organized as follows: Section 8.3 reviews related work in
image-based relative pose estimation and decentralized C-SLAM; Section 8.4 details the pro-
posed MOLD-SLAM approach; and Section 8.5 presents the experimental results, comparing
MOLD-SLAM with existing approaches, and a detailed ablation study to validate the effec-

tiveness of initialization, outlier-rejection, and optimization variations.

8.3 Background and Related Work

In C-SLAM, multiple robots work together to build a shared map and localize within it. By
sharing sensor data and detecting overlap between their maps, the robots can improve their
individual localization, and create a globally consistent view of the environment across the
robots. In this section, we present the background and related work on C-SLAM, as well as

on image-based relative-pose estimation used to create inter-robot loop closures.

Figure 8.2 Successful registration using MASt3R with minimal image overlap, illustrating its
robustness in handling challenging loop closures.
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Collaborative SLAM

In C-SLAM, robots typically perform SLAM individually and then share information about
their maps to fuse them into a globally consistent estimate of the traversed environment.
Similar to single-robot SLAM, C-SLAM is typically divided in two parts: the front-end,
which is responsible for feature extraction and data association, and the back-end, which

manages state estimation [1].

One of the most challenging task of the front-end is efficiently detecting and computing
inter-robot loop closures. These loop closures correspond to connections between indepen-
dent robots’ estimates that can be discovered when the same places are visited by different
robots. They serve as stitching points to merge local maps into a global representation of
the environment. To efficiently merge large maps, loop closure detection is typically per-
formed in two stages: place recognition, in which compact descriptors are shared to identify
possible map overlaps, followed by registration to compute the 3D relative pose between the

individual overlaps.

The back-end then estimates the most likely poses and map based on measurements collected
from all robots. Our work focuses on pose-graph formulations of SLAM, where features are
marginalized into inter-pose measurements, as this approach is generally more efficient for

handling large maps [252].

However, the perceptual aliasing phenomenon, where distinct places are mistaken for the
same location, can cause front-end techniques to fail, leading to spurious measurements.
Several methods have been proposed to address this issue, such as Pairwise Consistency
Maximization [143], which was adapted for multi-robot SLAM in [62], or Graduated Non-
Convexity (GNC) [140], for which a distributed version [63], based-on Riemannian Block
Coordinate Descent (RBCD) [126], was developed.

Several complete C-SLAM systems have been proposed. Notably, among decentralized ap-
proaches, DSLAM [37] was one of the first to employ compact learned descriptors for efficient
distributed place recognition in the front-end. Systems like Kimera-Multi [63] further enhance
decentralized SLAM by incorporating robust distributed back-end solvers. On the other hand,
centralized approaches such as LAMP 2.0 [276] and maplab 2.0 [220] were designed to effi-
ciently manage heterogeneous groups of robots. More recently, Swarm-SLAM [284] built on
these advancements and introduces a sparsification technique to prioritize inter-robot loop

closures and improve the front-end efficiency.
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8.3.1 Relative Pose Estimation

Producing globally consistent maps in C-SLAM heavily relies on the ability to accurately
relate different robots’ poses based on their observations. This step is performed by relative
pose estimation, which involves performing 3D registration between two keyframes. In the

collaborative case, these come from different robots.

Classical techniques such as Iterative Closest Point (ICP) [286] are widely used for LiDAR-
based registration, while stereo systems typically rely on bundle adjustment for accurate
pose estimation [269]. In monocular setups, geometric methods are usually employed [73],
though they can only estimate relative poses up-to-scale, meaning the absolute metric scale of
the transformation remains unknown. While scale information for consecutive images can be
recovered by combining image-based estimates with motion sensors such as IMUs [300], these
sensors cannot be used to recover the scale of relative poses between non-consecutive images.
Moreover, compared to consecutive images, non-consecutive ones typically exhibit larger
viewpoint differences, where traditional keypoint-based matching methods—such as those
relying on hand-crafted features [301]—often struggle. Recent advancements in monocular
depth estimation — such as DPT [302] — offer promising alternatives for scale estimation.
However, despite their potential, these methods often require domain-specific fine-tuning,
which can limit their generalizability when mapping unknown environments, a common use
case for SLAM.

Recent advancements in learning-based approaches seek to overcome viewpoint limitations
by enhancing keypoint detection and description. Methods like SuperPoint [303] and Su-
perGlue [304] use deep-learning techniques to enhance keypoint-matching robustness, in-
corporating reasoning across the entire image to improve performance. The field has also
introduced new datasets and benchmarks that push the limits of pose estimation under ex-
treme conditions. For example, the Map-Free challenge [239] focuses on scenarios with drastic
viewpoint and illumination changes, requiring the emergence of new techniques to succeed,
such as MicKey [236] and DUSt3R [237]. The first predicts metric correspondences directly
in 3D camera space instead of the usual 2D pixel space, while DUSt3R reformulates the
image matching problem as a pairwise 3D reconstruction task, predicting and aligning 3D
pointmaps to estimate relative poses. In further work, MonST3R [305] extends DUSt3R
to infer time-varying 3D reconstructions and view poses in dynamic image sequences. Also
building on DUSt3R, MASt3R [238] regresses local features and explicitly trains for pairwise

matching, further advancing matching performance under challenging conditions.

In summary, while classical methods continue to play an important role in 3D relative pose

estimation, recent advancements in learning-based matching techniques and the introduction
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of new benchmarks are rapidly advancing the field. An emerging trend in this space is the
use of foundation models, which demonstrate robustness across diverse domains due to their
large-scale training. These models, such as DUSt3R [237] and MASt3R [238], show great
potential for enhancing the accuracy and scalability of C-SLAM by improving cross-domain
generalization and enabling more reliable matching under challenging conditions. We believe

these innovations are opening new opportunities for advancing C-SLAM.

8.4 MOLD-SLAM

Our decentralized pose-graph visual C-SLAM approach aims to estimate the trajectories of
multiple collaborating robots based on shared map measurements. This allows the robots
to correct drift in their localization estimates and establish a shared situational awareness

within the environment.

Our approach, illustrated in Fig. 8.3, is independent of the odometry source used by indi-
vidual robots, treating odometry as an external input to the system. This design choice, as
also adopted in [220,284], offers several advantages: it enhances the generalizability of our
approach, making it adaptable to various robots, as the optimal odometry technique is often
closely linked to the specific configuration of each robot (e.g., sensor type, sensor placement,
and calibration). Furthermore, it allows us to marginalize and discard dense map features
tracked by the odometry software, thereby reducing memory usage. Finally, it enables the use
of different sensors for odometry and loop closure, as different sensors may be better suited for
different tasks — in this case, motion estimation through tracking consecutive frames versus

recognizing previously visited places.

Importantly, in MOLD-SLAM, we assume that the input odometry has a correct metric scale,
e.g. via visual-inertial [300], stereo [269], or LiDAR-based [306] systems. We define the input

odometry pose estimates of a robot « as:
TOc,O? Toc,la ce aToc,ia cee 7To¢,n € SE(3)7 (81)

where T, ; represents the pose estimate of robot o at each of the 7 € n keyframes along its
trajectory. The number and sparsity of these keyframes, which impact memory and compute
time, depend on the keyframing strategy. In this paper, we adopt a simple and widely
used approach based on the distance traveled: a new keyframe is added to the trajectory
whenever the robot has moved more than an estimated distance dy¢. Alongside each keyframe,
our approach also takes as input the corresponding image frame I*, which will be used for

inter-robot loop-closure detection.
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Figure 8.3 System overview of the proposed MOLD-SLAM framework for decentralized C-
SLAM. The figure illustrates the key components, highlighting how inter-robot loop closures
are generated using a 3D foundation model, the multi-robot pose graph and loop scale op-
timization. Robots communicate with each other during place recognition, registration, and
optimization, distributing tasks among neighboring robots to prevent duplicate processing.

8.4.1 Place Recognition

The first step of our pipeline is to perform place recognition between the maps of different
robots. By identifying locations visited by two or more robots, we can create inter-robot
loop closures that link the individual robot pose graphs into a consistent, shared localization
estimate. For place recognition, we utilize CosPlace [273], a full-image feature extractor
specifically trained for this task. Locally, each robot extracts a feature descriptor f{* for each

of its keyframes as:

1 = CosPlace(If). (8.2)

When two or more robots are within communication range — i.e., they become “neighbors”
— the robots exchange their compact CosPlace descriptors with one another. The neighbor

management, data sharing strategy, and bookkeeping follow the methods outlined in Swarm-
SLAM [284].

Once a robot a has received descriptors from a neighboring robot /3, it compares them with

its own descriptors using cosine similarity. For each pair of keyframes (12, I jﬁ ), we compute

the similarity score s3’; as:

') fzafjﬁ
(A . R 8.3
53 = e (83)
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The best match for each keyframe is determined through a nearest neighbor search and,
if the best match similarity exceeds a predetermined threshold, the corresponding pair of
keyframes (I, [ f ) is considered an inter-robot loop-closure candidate. These candidates are
then passed to the subsequent registration step, where the relative pose T/‘; ; between the two

keyframes is computed.

8.4.2 Registration

While previous techniques [62,63,284] relied on 3D registration using hand-crafted image
features that are sensitive to viewpoint changes, a key novelty in our work is that we lever-
age recent foundation models for 3D image matching [237,238]. Such models can robustly
infer accurate relative poses between images captured from significantly different viewpoints
(see Fig. 8.2), even in new unseen environments. This capability allows us to generate more

inter-robot loop closures.

Whereas traditional C-SLAM methods use stereo, RGB-D, or LiDAR data for relative pose
estimation with accurate scale, we rely solely on monocular images and resolve the scale
ambiguity at a later stage (see Section 8.4.3). For registration, each image of a loop closure
candidate (I, I f ) is encoded locally on its corresponding robot with the ViT encoder of the
MASt3R model [238], as illustrated in Fig. 8.4. The encoding of ]f is then shared with robot
a for decoding, feature matching, and inter-robot relative pose inference. This process yields
a relative pose measurement T;" ’ji along with the number of feature correspondences between

the two frames.

For confidence estimation, robot « also performs MASt3R inference on the pair of images

(I, 1), for which the odometry estimates T ; and T are known. We then compute the

ratio rg:;, which is defined as the number of correspondences for the loop closure pair (1%, I f )

divided by the number of correspondences for the odometry pair (I, I%):

wi U f ) feature correspondences|

B3 (1, 1) feature correspondences|

1—1) 1

(8.4)

As illustrated in Fig. 8.5, the odometry pair (I, If*) typically exhibits a higher number
of matching points due to their similar viewpoints, whereas the loop closure pair has fewer
correspondences due to larger viewpoint differences. Assuming that the odometry pair is
a reliable match for MASt3R, the ratio rg; serves as a good surrogate for evaluating the

confidence of the loop closure match relative to the high-confidence odometry match.
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Figure 8.4 Illustration of the MASt3R inference pipeline, highlighting how the processing is
divided between two robots to compute an inter-robot loop closure.

We use this ratio in two ways: first, we use it to filter out failed registrations when below a
minimum threshold Ryj,.. Despite the impressive results of MASt3R, some minimal overlap

is still required to successfully infer the relative pose.

Second, we use it to inform the pose graph optimisation. For loop closures that pass the fil-

tering threshold, we map the ratio to an estimated probability, pg:;, using a sigmoid function:

it i -1
Py = [1+exp(—k- (r55 — 1) . (8.5)

The probability and its parameter £ can be manually tuned, or learned if training data from

the deployment or a similar environment is available a priori [156, 283].

The confidence probability is then multiplied to the information matrix associated with each
measurement. The information matrix acts as a weight during pose graph optimization,
ensuring that high-confidence loop closures have a greater influence on the final solution

than low-confidence ones.

Figure 8.5 Example triplet of images used for inference, illustrating the ratio of correspon-
dences between loop frames (in orange) and odometry frame pairs (in blue).



107

For each inter-robot loop closure, we can define a cost function gbg; as follows:

2

= -T °‘ aee 8.6
055 =7 Tos - 7 lags i) (8.6)
where Tﬁa’ ]’ is the relative pose measurement, and g; is the measurement information matrix
which is proportional to the confidence pg; This cost function can then be incorporated into
a global nonlinear least-squares problem alongside odometry measurements to perform multi-

robot pose graph optimization.

8.4.3 Multi-Robot Pose Graph And Loop Scale Optimization

In our decentralized C-SLAM framework, multi-robot pose graph optimization ensures that
the maps and estimated trajectories of all robots are aligned within a common reference frame,
providing a unified representation of the environment. For clarity and ease of visualization,
the optimization problems can be formulated as a factor graph, where the variables represent
the unknown quantities (e.g., the robot poses), and the factors define functions over subsets
of these variables (see Fig. 8.6). The factor graph is optimized by a dynamically elected robot
within the group of neighboring robots as in [284].

Factor graph formulation

We present the problem structure as a sequence of factor graphs, each incrementally refining
the model. We begin with the base multi-robot optimization problem, followed by the intro-
duction of scale estimation, and proceed with approaches to model the relationships between

scale variables.

Base Multi-Robot Factor Graph The base optimization problem, illustrated in Fig. 8.6a
consists primarily of two types of factors: odometry factors, which link consecutive keyframe

poses, and loop closure factors, which link non-consecutive keyframes.

Odometry cost functions for each robot o are defined as follows:

az 1_H Tal 1‘2

Qodom

(8.7)

azl

ot —1 . . . . . .
where TOOZ '~ is the relative pose measurement, and Quqom is the corresponding information

matrix.
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Figure 8.6 Illustrations of the proposed multi-robot factor graph formulations for pose graph
optimization with or without scale estimation. In the figures, circles represent variable nodes
(e.g., poses or scales), while squares represent factor nodes, which define relationships between
the variables. Formulation (a) is basic pose graph optimization. Formulation (b) introduces
separate variables for scale optimization. Formulation (c) add smoothing factors to model
the correlation between scale variables. Formulation (d) assumes that all loop closures share
the same scale. In our experiments, we compare the proposed formulation and conclude that
(b) and (c) offer the most accurate solutions.
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Inter-robot loop closure factors are defined as detailed in Section 8.4.2.

Thus, for the multi-robot optimization problem, we minimize the sum of all odometry and

inter-robot loop closures cost functions:

—argmln S>> ¢M e > Cﬁg; (8.8)
B.i)ELR R/

a€R ie(l:ng) (Oz,i),(

where R denotes the set of all robots, n, represents the number of keyframes for robot «,
Ly ' is the set of loop closures linking different robots, and T is the set of all poses forming
the robots trajectories. The set of robots R in Eq. (8.8) can involve more than two robots; in
fact, we perform the optimization with all neighboring robots, detecting and incorporating
inter-robot loop closures into the optimization problem for each pair. Also, we do not consider

intra-robot loop closures ¢%}, as we aim to isolate the effects of inter-robot loop closures,

a,k?
but they could straightforwardly be integrated into the formulation as an additional cost

function.

Independent Scales Multi-Robot Factor Graph The challenge with the relative poses
measured with MASt3R is that their scaling is often incorrect or very imprecise. Thus,
to properly integrate these measurements into the optimization problem, we must either
determine the scale in advance using other sensors or, as we propose here, treat the loop

closure scale as a variable to optimize during pose graph optimization.

Naively, we could leverage the correctly scaled odometry measurements (e.g., from VIO)
between the two odometry poses to estimate the loop closure scale. This approach would
not require additional communication or processing since we already used the three required
frames to compute the feature correspondences ratio (see Fig. 8.5). It assumes that the same

scaling factor applies to both the odometry and the loop closure:

t Htal 1H . ta:i (8 9)
B’] Hta l 1 H ﬁ:] :
where £3; =1 and tﬁ " are the relative translations output by MASt3R, and #;; =1 is the known

translation from odometry. While we cannot guarantee that the loop closure and odometry
share the same scaling factors, this often provides a reasonable initial guess, as discussed
in Section 8.5.2.

To achieve more accurate solutions, we propose to explicitly optimize the loop closures’ scale.
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For this, we draw inspiration from [307], which introduced scaling factors for pedestrian
trajectories estimated via IMU dead-reckoning and refined using sporadic UWB distance
measurements. While this prior work focused on rescaling odometry estimates, we instead

apply scaling to the non-consecutive relative pose measurements.

As a first step, we decompose the measured relative pose ng ’ji € SE(3), from MASt3R,
associated with a loop closure as follows:

R5; €S0(3), t3; €R? 35 eR (8.10)
where Rg; is the measured relative rotation matrix, fg; is the measured translation vector

between the two poses, and sg; adjusts the magnitude of the translation vector to the correct

scale. Together, the scaled relative pose Tﬁa ; is defined as:

A
a7z_

ﬁ?j -

RED s sy
0 1

We then define a new loop closure cost function that incorporates the scale value:

2

Tot -1 T, . Toz,i
¢,8,j - HTa,i TABG T B || e,
Qg5 (Pg)5)

(8.12)

To optimize this novel factor, we need to provide the corresponding derivatives. Specifically,
since we use the efficient GTSAM [4] solver as our factor graph optimization framework, we
provide the analytical measurement Jacobian matrices for efficient computation, which are

evaluated in the tangent space at the current estimate during optimization:

Hyp,, = —Adj(inv(T,; - Ts;)) (8.13)

Hyp,, =1 (8.14)
il T

H,=[0 0 0 ] (8.15)

Similar to the base BetweenFactor in GTSAM [4], the Jacobian Hry, , is the adjoint matrix of
the inverse relative pose transformation, while Hr,  is simply the identity matrix I. Specific

to our new cost function, the partial derivative of the residual in tangent space with respect
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to the scale factor sg;, i.e., Hy, is the negative of the measured translation fg;

Using ngSg; instead of gbg; in Eq. (8.8) we derive the optimization problem illustrated in Fig. 8.6b,

where the scale of each loop closure is treated independently.

Smoothed Scales Multi-Robot Factor Graph We also introduce a third formulation,
which includes an additional factor that links scale factors from related loop closures to
ensure they remain similar. We cluster the loop closures that link relative poses fewer than
ten keyframes apart. These clusters typically occur when the robot revisits a specific area
for an extended period, resulting in multiple loop closures being detected within a single
large overlap between the maps. Previous work have explored identifying such clusters to
detect outliers among loop closure measurements [139,253]. In our case, the intuition behind
linking them is that, since MASt3R is data-driven, relative poses inferred from a similar
image domain should exhibit similar scaling factors. We illustrate these scale smoothing

factors in Fig. 8.6¢.

The cost function to link the scale values, along with its corresponding Jacobians, is defined

as follows:
sy = s —sillg, , Ho =—1, Hy =1. (8.16)

where the scale residual ¢, . is defined as the difference between scale estimates s; and s;
from two different loop closures, ensuring consistent scale across the loop closure cluster. The
corresponding Jacobians, H's; and H s;, are the partial derivatives of ¢, . with respect to s;

and s;, respectively.

For completeness, in our experimental analysis we also consider the scenario where all loop

closures share the same scale value, as illustrated in Fig. 8.6d.

Factor Graph Optimization

Following the approach of [284], we propose performing factor graph optimization in a decen-
tralized manner onboard a dynamically elected robot when the robots meet. The resulting
estimates are then shared back with neighboring robots. We compare this approach with

distributed pose graph optimization in Section 8.5.
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8.5 Experiments

We conducted our experiments on multiple dataset sequences using a robot onboard com-
puter NVIDIA Jetson AGX Xavier (32GB). Our approach, MOLD-SLAM, was benchmarked
against the Swarm-SLAM framework [284] in two configurations: stereo and LiDAR. In the
stereo configuration, place recognition was performed using CosPlace [273], and pose registra-
tion was carried out with PnP and RANSAC [269]. In the LiDAR configuration, place recog-
nition utilized ScanContext [274], and pose registration was done using TEASER++ [286].
Swarm-SLAM serves as a strong baseline since it utilizes 3D sensing, whereas our method

relies solely on monocular images for loop closure.

For a thorough evaluation, we also configured Swarm-SLAM with several back-end optimiz-
ers: the fast Levenberg-Marquardt solver (LM) [4], the robust Graduated Non-Convexity
optimizer (GNC) [140], which can detect and reject outliers among the loop closures, and
Riemannian Block Coordinate Descent (RBCD) [63], a distributed solver that incorporates
GNC for outlier rejection. Notably, Swarm-SLAM with RBCD in stereo mode closely resem-
bles Kimera-Multi [63], except for place recognition—Kimera-Multi uses DBoW2 [71], while
Swarm-SLAM employs the more recent CosPlace [273].

For MOLD-SLAM, we tested three different factor graph formulations: base multi-robot pose
graph (Fig. 8.6a), with independent scale values (IS) (Fig. 8.6b), and with smoothed scale
values (SS) (Fig. 8.6¢). Unless otherwise specified, the base formulation was used. Since the
base formulation does not optimize scale, it relies only on the scale initialization technique
presented in Eq. (8.9).

We first evaluated the techniques on the S3E dataset [232], which features three robots nav-
igating large, dynamic indoor and outdoor environments. We selected the most challenging
sequences with minimal overlap and differing viewpoints. Additionally, we tested on the
GrAco dataset [233], which involves six robots in a large outdoor environment. An abla-
tion study was performed using the GrAco dataset. For evaluation, we compared all our
results against GNSS data (for outdoor environments) and motion capture data (for indoor

environments), using the evo package [298].

8.5.1 Full System Performance

In Fig. 8.7, we illustrate MOLD-SLAM’s performance on the challenging S3E Dormitory
sequence, demonstrating a close alignment with the ground truth compared to the Swarm-
SLAM baseline. The visualizations are supported by the detailed results presented in Ta-

ble 8.1, where we report the Average Translation Error (ATE), the number of loop closures
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Figure 8.7 S3E Dormitory trajectory estimates with MOLD-SLAM versus Swarm-SLAM in
LiDAR configuration. Our novel approach leads to significant improvements in accuracy.

N, and the computation time required by the factor graph solver for each technique on four

sequemnces.

The best performance was achieved by MOLD-SLAM using the smoothed scales formulation
(SS) optimized with the LM solver. This approach generated orders of magnitude more
loop closures, significantly enhancing the accuracy of the resulting solution. To identify
successful matches, we applied a correspondences ratio threshold Ry, of 0.3. While some
outliers might have passed through, their effects were mitigated by the ratio-based confidence
mechanism (see Eq. (8.5)), without needing a more computationally expensive robust solver
like GNC. The ability of our approach to generate more loop closures and directly address
scale ambiguity—without relying on approximate scale estimates or costly outlier rejection

mechanisms—significantly enhances performance.

While MOLD-SLAM with smoothed scales required more computation time in some cases
compared to the independent scales version (e.g., for the Dormitory sequence), the improved
accuracy indicates that loop closure scales within clusters may be correlated, making the
trade-off worthwhile. Notably, on the S3E Dormitory sequence, the stereo Swarm-SLAM
configuration was unable to merge all three trajectories due to the challenges of detecting
and computing loop closures from opposite viewpoints using traditional stereo matching

techniques.

In Fig. 8.8, we demonstrate again MOLD-SLAM’s superior performance, this time on the
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Table 8.1 Average translation error (ATE), number of loop closures (N) and optimization
time on S3E sequences.

Campus Teaching Square Dormitory
ATE (m) N Time (s) ATE (m) N Time (s) ATE (m) N Time (s) ATE (m) N Time (s)

GNC 19.25 + 6.811122 27.45 2.40 + 0.76 2274 41.58  9.53 + 3.87 226 9.25 46.00 £ 30.36175 34.79
MOLD-SLAM IS-LM 5.50 &+ 2.16 1122 2.46 1.87 &+ 0.65 2273 3.46 5.64 £ 2.46 226 1.41 3.84 £1.35 175 1.50

SS-LM 5.41 + 2.131122 1.82 1.84 + 0.672273 4.74 5.07 + 2.56 226 1.63 2.41 £+ 0.99 175 11.05

RBCD 9.41 £ 7.59 29 286.63 3.59 &£ 1.56 110 143.31 113.58 £ 80.99 6 120.33 7.41 &£ 5.32 226 147.80

Swarm-SLAM
GNC 10.50 £9.47 29 21.38 3.69 & 1.52 110 13.97 164.83 +99.39 6 36.45 10.18 4 5.47 226 26.14
LiDAR LM 10.21 £ 8.97 29 1.23 385+ 1.63 110 0.99 165.94 + 98.98 6 1.73  8.34 £ 4.82 226 4.02
RBCD 6.79 £ 7.08 16 744.65 2.23 +£0.94 27 840.53 42.97 +25.27 7  2.46 X
Swarm-SLAM
GNC 6.56 &+ 7.07 16 48.64 2.25+1.15 27 23.85 9.73+6.67 7 15.34 X
Stereo LM 6.56 & 7.07 16 2.90 2.20 £ 1.05 27 3.91 33.37 +£ 2298 7 1.27 X

GrAco ground sequence with six robots. Our method surpassed the LiDAR-based Swarm-
SLAM baseline, using GNC [140], which struggled with noisy loop closures. Similar to the
S3E Dormitory sequence, the stereo-based Swarm-SLAM failed to compute sufficient loop

closures to fuse all trajectories on GrAco.

To further analyze our proposed approach, the following subsections present an ablation study

we conducted to evaluate the effectiveness and impact of the various novel components.

8.5.2 Relative Pose Estimation Accuracy and Robustness

For our first set of ablation experiments, we used the GrAco dataset [233], which involves
six robots, and extracted 88,096 image pairs that are less than 10 meters apart according
to GNSS data. We then applied our registration pipeline to each pair to obtain the relative

poses.

The first issue we investigated was determining the validity of the matches. Due to perceptual
aliasing, place recognition sometimes fails, incorrectly identifying different locations as the
same. This challenge is exacerbated by DUSt3R [237], and subsequently MASt3R [238],
which are now capable of matching images from almost any viewpoint, making it harder
to verify which image matches correspond to valid relative poses and should be included as
inter-robot loop closures in the pose graph. In Fig. 8.9, we evaluate the precision and recall
of five different metrics. A match is considered an outlier if its translation error compared to

the ground truth exceeds 2 meters, with the measurements scaled using ground truth data.

Initially, we confirmed that relying solely on CosPlace similarity, used for place recognition, is
insufficient to distinguish registration inliers from outliers. To address this, we examined the

average confidence produced by MASt3R and computed the confidence ratio between the loop
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Figure 8.9 Precision-Recall curves for various inlier/outlier detection techniques. The best-
performing approaches leverage the correspondences generated by the MASt3R model, using
the ratio of the number of correspondences between two loop frames versus two associated

odometry frames.

The ratio-based approach stands out for its performance, being both

unitless and easy to tune, making it particularly effective for identifying inliers in inter-robot
loop closures.



116

match and the odometry match. We then compared these metrics with the number of feature
correspondences and the correspondences ratio, as illustrated in Fig. 8.5. The results show
that both the number of correspondences and the correspondences ratio provided strong
performance, with the correspondences ratio being preferable due to its unitless nature,
making it easier to tune compared to the number of correspondences, which is affected by

factors such as image size and field of view.

Using the loop closure inliers from our set of image pairs, we compared different scale ini-
tialization techniques, as shown in Fig. 8.10. We evaluated ground truth scaling, the direct
approach (which uses the raw output of MASt3R), and scaling based on odometry esti-
mates (see Eq. (8.9)). Additionally, we compared these results with relative poses obtained
using SuperPoint+SuperGlue and OpenCV (which implements Nister’s method [308] with
ORB [301] features and descriptors) to assess whether our scale initialization method would

also benefit those approaches.

The results in Fig. 8.10 demonstrate that our approach significantly reduces translation error
for data-driven MASt3R, whereas the same improvement was not observed with the other
methods. This may be explained by MASt3R’s ability to output 3D point maps that are
scale-consistent within a given image domain or environment. However, the mean translation
error remains above 2 meters, which is high for accurate pose graph optimization. Therefore,

further refinement of the scale during pose graph optimization is necessary.

8.5.3 Multi-Robot Scale and Pose Graph Optimization

In the following experiments, we evaluate the full pose graph solution involving all six robots
from the GrAco sequence. Based on the previously mentioned feature correspondences ratio,
we mapped it to a confidence metric (see Eq. (8.5)), which we used to weight the inter-robot

loop closures during pose graph optimization.

Fig. 8.11 compares translation errors based on different confidence estimation methods for
inter-robot loop closures and optimization techniques during map optimization. Our pro-
posed confidence estimation, derived from the feature correspondences ratio, significantly
outperforms the commonly used uniform confidence estimates, which are often adopted due
to the difficulty of accurately estimating confidence [62,283]. The figure illustrates that, even
with the non-robust Levenberg-Marquardt optimization [4], our method produces accurate re-
sults, whereas uniform confidence estimates lead to failure. Moreover, our approach achieves

results comparable to the computationally expensive Graduated Non-Convexity solver [140].

Next, in Fig. 8.12, we compare different correspondences ratios threshold, used for outlier
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Figure 8.11 Comparison of translation errors with respect to different confidence estimation methods used
for inter-robot loop closures and optimization techniques for map fusion on the GrAco 6-robot dataset. Our
proposed confidence estimation based on the feature correspondences ratio significantly outperforms uniform
confidence estimates, which are commonly used in other approaches due to the challenges in estimating
confidence. The figure shows that, with our method, even the non-robust Levenberg-Marquardt optimization
yields accurate solutions, whereas it completely fails with uniform confidence estimates. Our results are
comparable to those obtained using the computationally expensive robust solver, Graduated Non-Convexity.
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Figure 8.12 Comparison of the correspondences ratio threshold against the Average Trans-
lation Error (ATE) of the pose graph optimization solution on the GrAco 6-robot dataset,
using either uniform confidence or correspondences ratio-based confidence. The dashed line
indicates the number of loop closures obtained at different threshold values. A higher ratio
indicates a more conservative solution, resulting in fewer loop closures. Notably, with our
ratio-based confidence estimation, the ATE remains low even with less conservative thresh-
olds, demonstrating that our confidence estimation method makes the ratio parameter easy
to tune, as the effects of outliers are effectively minimized.

rejection, with the Average Translation Error (ATE), using the LM solver with either uniform
confidence or correspondences ratio-based confidence. The dashed line represents the number
of loop closures at various threshold levels. A higher ratio results in a more conservative so-
lution, yielding fewer loop closures. Notably, with our ratio-based confidence estimation, the
ATE remains low even with less conservative thresholds, showing that this method simplifies
parameter tuning by effectively minimizing the influence of outliers without relying on a ro-
bust solver. However, if the ratio threshold is set too conservatively, insufficient inter-robot

loop closures are included, leading to decreased accuracy or failure to merge the maps.

In the following experiments, presented in Tables 8.2 and 8.3, we analyze the effects of
different factor graph formulations, illustrated in Fig. 8.6, and the impact of the odometry
backbone. We tested two odometry backbones: VINS-Mono [300], making the system fully
monocular, and LiDAR-based LIO [293], to demonstrate our approach’s effectiveness when
the odometry has near-perfect scale. While monocular odometry yielded reasonable results,
inaccuracies in scale at various parts of the trajectory—particularly at the start, where the
online scale estimation had not yet converged—Iled to reduced performance. Since the GrAco
dataset lacks VIO calibration sequences, all robot trajectories were affected by these initial

scale inaccuracies. In real-world scenarios, proper calibration remains critical for effective
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Table 8.2 Comparison of different pose graph optimization formulations with a VINS-Mono
odometry backbone.

GT Scale Direct Scale Odometry Scale
ATE (m) Onb.(s) Srv.(s) ATE (m) Onb.(s) Srv.(s) ATE (m) Onb.(s) Srv.(s)
LM 4.76 + 4.50 1.60 0.33  39.93 £+ 44.43  3.63 0.91  39.59 £+ 45.68  3.27 0.79
GNC 4.89 + 4.51 31.09 10.28 1198 £5.21 3293 1049  5.56 £ 4.07 35.86  11.78

OneS-LM  12.35 £+ 13.50 1.55 0.34  38.55 £ 44.71 3.99 1.10  40.35 £ 44.51 3.77 0.92
OneS-GNC  12.42 £ 13.53  32.07 10.64 4.91 £ 3.31 34.54 11.86  10.14 £ 5.13 37.17 12.12
IS-LM 6.99 + 6.47 3.27 0.79 7.11 £ 6.81 3.24 0.78 7.89 £ 7.01 3.49 0.87
IS-GNC 6.34 £ 6.51 104.21  29.65 6.40 + 6.82 96.54 27.38 7.86 + 7.01 112.94  31.98
SS-LM 7.43 £6.93 3.89 0.94 8.23 £ 7.34 3.50 0.82 7.42 £ 7.06 3.95 0.94
SS-GNC 7.45 + 7.06 166.24 4599 91.50 + 59.82 296.27 85.31 58.94 £ 62.61 305.20 85.38

Table 8.3 Comparison of different pose graph optimization formulations with a LIO odometry
backbone.

GT Scale Direct Scale Odometry Scale
ATE (m) Onb.(s) Srv.(s) ATE (m) Onb.(s) Srv.(s) ATE (m) Onb.(s) Srv.(s)
LM 2.75 + 1.36 1.44 0.29 10.36 £ 3.65 1.44 0.30 6.90 &+ 3.95 1.51 0.30

GNC 2.73 £1.36 29.61 9.58 9.25 £ 2.98 29.12 9.56 2.95 + 1.32 30.71 9.89
OneS-LM  3.06 £ 1.32 1.46 0.30 4.47 £ 2.57 1.44 0.30 10.15 £+ 3.63 1.43 0.31
OneS-GNC  2.97 £ 1.28 29.81 9.74 3.63 £ 1.75 28.95 9.54 6.53 £ 2.21 31.78 10.47
IS-LM 3.45 + 2.03 3.16 0.74 3.14 £ 1.80 2.83 0.66 3.41 + 1.96 3.01 0.70
IS-GNC  3.45 +2.00 93.70 26.45 3.12 £ 1.77 87.59 24.63 3.40 £ 1.94 94.17 26.31
SS-LM 292+ 193 4.06 0.95 329 +£1.94 3.42 0.80 3.11 £ 1.81 3.85 0.84
SS-GNC 2,93 £1.90 156.52 41.42 3.23 £1.92 139.69 37.32 13.89 £ 11.23 34236 89.20

VIO deployments. Results from the LIO-based solution demonstrate impressive accuracy,

with errors below 4 meters over 3.5 kilometers of trajectories.

For each backbone, we compared several formulations previously introduced, including the
single-scale formulation (OneS), as shown in Fig. 8.6d. As expected, this formulation per-
formed poorly. While clustering loop closures with similar scales provides some benefit, it
does not apply to all loop closures. For completeness, we also report results for both the non-
robust Levenberg-Marquardt (LM) solver and the robust Graduated Non-Convexity (GNC)

solver for each of our factor graph formulations.

Additionally, we report the computation time on both our robot onboard computer and a
desktop server equipped with an AMD Ryzen 7 3700X CPU and an NVIDIA RTX 3070 GPU.
This comparison is interesting given that C-SLAM approaches often offload computational

tasks to more powerful servers [61].

We provide each result with different scale initialization techniques, whether using ground
truth, directly the raw output from MASt3R, or our odometry-based scaling (see Eq. (8.9)).
The results in Tables 8.2 and 8.3 confirm that our formulations with independent or smoothed

scales perform the best and do not require the computationally expensive robust optimization
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of GNC. These results are consistent with those in Fig. 8.11, showing that the use of a
robust solver offers limited benefits and, in fact, decreases performance when paired with the
smoothed scale formulation. Our optimization takes less than a second on the server and

only a few seconds on the onboard computer, compared to minutes when using GNC.

We also observed that while our odometry-based scaling initialization sometimes improved
results, it could also lead to worse performance. This suggests that our assumption—that
MASt3R yields similar relative pose scales for odometry images and loop closure images—may
not always hold, and altering initial estimates in local solvers can have a significant impact.
Therefore, using the raw output directly and relying solely on scale optimization may offer

equally good results.

Overall, these findings demonstrate the robustness and flexibility of our approach. Even
with initial scale inaccuracies, the system can adapt and optimize effectively without requir-
ing computationally expensive methods. Our independent and smoothed scale formulations

consistently provide accurate results while maintaining efficient performance.

8.5.4 Resource Efficiency

In addition to the computational efficiency provided by our scale-aware optimization com-
pared to robust methods, our approach offers further efficiency advantages. Specifically, we
split the registration into two stages where keyframes are encoded locally on each of the
two robots involved in the loop closure, and decoding is done on only one of the robots, as
outlined in Fig. 8.4. This way, a keyframe part of multiple loop closures only needs to be
encoded once—particularly useful when managing a large number of loop closure candidates.
In Fig. 8.13, we show the computation gain on the GrAco dataset against a naive baseline
where encoding of both images is done for all candidates. We can see that MASt3R inference
is quite costly on a robot onboard computer (in blue) compared to a server with a larger
GPU (in orange). Thus, further gains could be achieved through more advanced load-sharing

strategies between robots and servers, or across robots with varying computational capacities.

Another resource efficiency gain comes from reducing the number of keyframes to process
and store in memory. However, reducing keyframes typically leads to decreased accuracy as
the mapping becomes more coarse and fewer loop closures can be detected. In Fig. 8.14,
we assess how increasing the distance between keyframes—and thus proportionally reducing
their number—affects the ATE of the solution. We also compared this with loop closures
computed using SuperPoint+SuperGlue and OpenCV. While other methods show a rapid
performance decline as the keyframe distance increases, our approach maintains low ATE

values even with distances of up to 4 meters between keyframes. This demonstrates its
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Figure 8.13 Computational savings of the two-stage (split) processing of the MASt3R encoder
and decoder in C-SLAM. Over time, the two-stage approach reduces computational load by
avoiding re-encoding images for which loop closures have already been computed. This saving
is particularly significant for onboard computers, where MASt3R processing is much more
computationally demanding compared to processing on a desktop server.

ability to support sparser and more memory-efficient C-SLAM solutions without sacrificing
accuracy. Although SuperPoint+SuperGlue exhibits some resistance to keyframe sparsity
when paired with a computationally intensive robust solver, our method achieves comparable,
or better, results with both solvers. The efficiency gains of using sparser keyframes extend
beyond memory savings, as sparse maps can also be compared—via place recognition and
registration—using less communication bandwidth and in less time. Therefore, achieving
high-accuracy sparse maps could represent a significant advantage for deploying C-SLAM on

resource-constrained platforms, such as small robots or consumer electronics.

8.6 Conclusion

In this paper, we introduced MOLD-SLAM, a novel decentralized collaborative SLAM ap-
proach that leverages 3D foundation models to address the challenge of limited overlap in
multi-robot mapping. By incorporating monocular image-based pose estimation and scale
optimization, MOLD-SLAM effectively improves inter-robot loop closures in scenarios where

traditional methods struggle due to differing robot viewpoints and trajectories.

Our experimental results, and ablation study, demonstrate that MOLD-SLAM outperforms

state-of-the-art approaches, particularly in terms of accuracy. Furthermore, we showed that
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Figure 8.14 Comparison of the Average Translation Error (ATE) with respect to the distance
between keyframes for three image matching techniques: MASt3R, SuperPoint+SuperGlue,
and OpenCV. The respective numbers of loop closures are represented by dashed lines. A
longer distance between keyframes reduces the number of poses and corresponding images
that need to be stored in memory. While other methods show a rapid decline in performance
as the keyframe distance increases, our approach maintains low ATE values up to 4 meters
between keyframes, demonstrating its ability to support sparser and more memory-efficient
C-SLAM solutions without sacrificing accuracy. Results are shown both with and without
a robust solver; while SuperPoint+SuperGlue exhibits greater resistance to sparsity when
paired with a computationally intensive robust solver, our method achieves similar results
with both solvers.



123

when accurate odometry with the correct scale is available, it is possible to easily integrate
up-to-scale loop closures in multi-robot pose graph optimization, making our approach both

simple and resource-efficient.

Looking ahead, there is considerable potential for tighter integration between 3D foundation
models and C-SLAM systems, not only for improving measurement accuracy but also for

advancing the overall representation of the explored environments.



124

CHAPTER 9 ARTICLE 6 : PEOPLEX: PEDESTRIAN OPPORTUNISTIC
POSITIONING LEVERAGING IMU, UWB, BLE AND WIFI

Preface: This paper introduces PEOPLEXx, a real-time pedestrian localization framework
using IMU-based navigation as its core, opportunistically integrating UWB, BLE, and WiFi
signals without prior environmental knowledge. It improves indoor positioning accuracy
through adaptive scaling and loop closure techniques, validated on commercial smartphones.
This work was presented during the IEEE International Conference on Communications.
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in Montreal, where I led the application of SLAM techniques to positioning using consumer-
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9.1 Abstract

This paper advances the field of pedestrian localization by introducing a unifying framework
for opportunistic positioning based on nonlinear factor graph optimization. While many ex-
isting approaches assume constant availability of one or multiple sensing signals, our method-
ology employs IMU-based pedestrian inertial navigation as the backbone for sensor fusion,
opportunistically integrating Ultra-Wideband (UWB), Bluetooth Low Energy (BLE), and
WiFi signals when they are available in the environment. The proposed PEOPLEx frame-
work is designed to incorporate sensing data as it becomes available, operating without any
prior knowledge about the environment (e.g. anchor locations, radio frequency maps, etc.).

Our contributions are twofold: 1) we introduce an opportunistic multi-sensor and real-time
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pedestrian positioning framework fusing the available sensor measurements; 2) we develop
novel factors for adaptive scaling and coarse loop closures, significantly improving the pre-
cision of indoor positioning. Experimental validation confirms that our approach achieves

accurate localization estimates in real indoor scenarios using commercial smartphones.

9.2 Introduction

With an ever-growing number of interconnected devices and systems, effective and accurate
indoor positioning has become increasingly critical. The real-time location of the user is a
valuable data point that heavily impacts the state of the environment in both household
and industrial settings, and can influence the interpretation of other data streams as well as
any potential action to be undertaken by the IoT system. Indoor Positioning Systems (IPS)
hold the potential to transform the operations and experiences of pedestrians, underpinning
applications such as navigation assistance, location-based services, safety enhancement, and

augmented reality experiences.

Historically, building reliable indoor positioning solutions often necessitates prior knowledge
of the environment, such as the precise locations of Radio Frequency (RF) anchors [309], floor
plans [310], and more [311]. However, acquiring and utilizing such comprehensive information
is not always feasible, nor desirable, due to issues related to availability, operational cost, and
privacy concerns. Recognizing these challenges, our research focuses on smartphone-based
localization strategies that use exclusively the sensing modalities available in the environ-
ment, are allowed by the users, and do not require prior knowledge about the environment.
Smartphones, which are ubiquitous, offer a rich set of built-in sensors and radios (e.g., IMUs,
Wi-Fi, Bluetooth Low Energy (BLE), Ultra-Wideband (UWB)) that can be utilized for lo-
calization. Unlike cameras, also available in smartphones, those sensors do not require active

supervision and raise less privacy concerns.

The method proposed in this paper, PEOPLEx, leverages pedestrian inertial navigation to
fuse multiple sensor modalities, capitalizing on whatever sensor data is readily available at
any given time. To achieve this, we introduce a methodology that uses nonlinear factor
graph optimization as a unifying framework to integrate information from the diverse sensor
modalities available on smartphones. At the center of this approach is the inertial motion
estimation, which produces noisy and up-to-scale pedestrian trajectories, effectively acting as
the ‘glue’ that ties together the input from other sensors like Wi-Fi, BLE, and UWB. Utilizing
these trajectories, our nonlinear factor graph approach enables simultaneous optimization of
both UWB anchor positions and user locations, eliminating the necessity for predefined

initial knowledge of the environment. PEOPLEx integrates two distinct forms of IMU-
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based pedestrian inertial navigation, both agnostic to sensor-placement on the body, thereby
offering a comprehensive analysis of the approach’s effectiveness and adaptability. In essence,
our novel formulation allows us to simultaneously estimate key motion parameters, such as

step length or scaling, localize the user, and construct a coarse map of RF sources.

In summary, we present the following contributions:

o An opportunistic framework that leverages pedestrian inertial navigation to fuse sen-
sor measurements when available, without requiring any initial knowledge about the

environment such as anchor locations or radio frequency maps;

» Novel factor formulations for adaptive scaling and coarse loop closing to robustly inte-

grate data from RF sensors, enhancing the precision of indoor positioning;

We validate our contributions in extensive experiments with smartphone IMUs and two

exterosceptive sensing mechanism: WiFi and BLE fingerprinting, and UWB ranging.

9.3 Background and Related Work

9.3.1 Pedestrian Inertial Navigation

Pedestrian inertial navigation is a central component of indoor positioning research due to its
independence from external infrastructures and its relatively low computational requirements.
It leverages the inertial measurement units (IMU), available in many consumer devices to
track pedestrian motion, estimating position based on parameters such as step length, velocity
and heading direction [312]. Recent studies have used learning-based approaches towards
refining the accuracy and reliability, exploiting the regularity of pedestrian motion to infer
the overall user motion from the high frequency and high noise accelerometer and gyroscope
data [313].

Despite these advancements, those approaches still face notable challenges, most significantly
the issue of accumulated error over time. This drift error arises because the estimation process
incrementally incorporates motion estimates from one step to another without correcting the
noise from previous steps. Therefore, small inaccuracies compound over time leading to

significant positioning errors [312].

9.3.2 RF-based Indoor Positioning Systems

Radio Frequency (RF)-based systems have become a popular solution for indoor positioning

due to their capability to provide relatively accurate positioning based on existing infras-
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tructure in indoor environments [311]. There exists a variety of RF technologies utilized
for indoor positioning, including Wi-Fi, Bluetooth Low Energy (BLE), and Ultra-Wideband
(UWB), each with their unique strengths and limitations.

Wi-Fi based positioning systems are among the most common and cost effective due to the
widespread availability of Wi-Fi infrastructure (e.g. routers, consumer devices, etc.). They
typically employ techniques such as Received Signal Strength Indicator (RSSI) fingerprinting
to estimate devices positions. However, unless extensive and costly acquisition of fingerprint
maps is undertaken, Wi-Fi-based systems tend to suffer from signal interference, often leading
to suboptimal localization accuracy [314]. With the increasing number of connected devices,
BLE fingerprint-based systems have emerged as a suitable alternative to Wi-Fi. BLE beacons
can provide positioning data with a small energy footprint, making them particularly suitable
for battery-powered devices. However, they can be affected by signal instability and require

a dense beacon deployment for optimal performance [315].

Ultra-Wideband (UWB) positioning systems stand out due to their high precision and re-
silience to multipath effects. UWB systems often utilize Two-Way Ranging (TWR), since
it does not necessitate clock synchronization between the devices involved, thus reducing
system complexity while making it easier to deploy [316]. In conventional indoor positioning
using (single antenna) UWB, at least three to four anchors with known locations are typically
needed for 2D or 3D estimation. The system’s precision is also sensitive to the placement of
these sensors, deteriorating when the anchors are sub-optimally located [317]. Unlike most
UWB-based techniques, our approach does not assume any prior knowledge of UWB anchors

placement, and can improve positioning estimates using a single UWB transceiver.

9.3.3 Sensor Fusion Approaches

The importance of sensor fusion, the process of combining data from multiple sensory sources,
has gained substantial recognition in the domain of indoor positioning. By coalescing infor-
mation from various sensors, these methods strive to harness the advantages and counterbal-
ance the limitations of individual sensors, thereby enhancing the accuracy and robustness of

positioning systems [318].

Numerous methodologies have been employed to implement sensor fusion. One prevalent
approach is the integration of data from inertial measurement units (IMUs) with RF signals
such as UWB. Conventionally, filtering techniques like Kalman filters and Particle filters
have been the standard methods for merging the data from these diverse sources. While
these techniques have demonstrated improvement in positioning accuracy compared to single

sensor-based systems [319], they exhibit certain limitations. These methods often necessitate
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intricate sensor and motion modeling and typically lack the capability to reassess and refine

past estimates.

Smoothing-based formulations based on factor graph address those limitations. Factor graphs
provide a flexible framework for modeling the complex dependencies between various sensor
measurements and position estimates, and are able to refine past estimates as new mea-
surements are acquired [320]. Representing variables and constraints as nodes and edges,
respectively, this approach leverages the problem’s sparse structure for efficient computation,

which is crucial for large-scale, long-term tasks like indoor positioning [321].

9.3.4 Opportunistic Approaches

Opportunistic approaches [88,322,323] have recently gained attention, providing potential
solutions for scenarios where traditional localization systems may not be suitable. Unlike
conventional methods, opportunistic approaches do not depend on the constant availability
of specific signals or information sources but instead utilize whatever data is readily available.
In other words, opportunistic methods will use localization infrastructures such as UWB or

GPS if available, but will still provide reasonable localization estimates without.

While various works in the field strive to enhance inertial pedestrian navigation by fusing
it with data from supplementary sensors, they often fall short of providing a comprehensive
solution. For example, Tian et al. [322] utilize a particle filter to combine inertial navigation
and UWB range measurements from a single anchor. However, this approach demands
an initial anchor position estimation and lacks the capability for continuous refinement,
contrasting with our factor graph methodology. Liu et al. [88], although employing a factor
graph approach similar to ours, make a simplifying assumption of a constant step length,

thereby introducing drift and scale inaccuracies, and does not integrate range measurements.

Jao et al. [323] implement an Extended Kalman Filter to merge data from foot-mounted
IMUs and UWB sensors. While foot-mounted IMUs offer enhanced tracking performance,
they lack the practicality of widely available smartphone sensors. In a similar vein, Chen et
al. [324] and Lu et al. [325] offer methodologies that necessitate prior knowledge or surveying
of the environment. Chen et al. [324] fuses pedestrian inertial navigation with BLE finger-
printing and trilateration, while Lu et al. [325] proposes a data-driven IMU and WiF1i indoor
localization system. Our approach, in contrast, does not assume any prior environmental
information and provides a real-time, multi-modal sensor fusion framework capable of online

parameter estimation, such as step length and anchor positions.
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9.4 PEOPLEx Framework

In this work, we leverage nonlinear factor graph optimization in conjunction with the sensing
of environmental radio-frequency signals (i.e. WiFi, BLE, and UWB) to correct the scale and
drift of IMU-based localization techniques. In absence of sufficient radio-frequency signals,
our technique performs inertial navigation alone which can be relied upon for short periods
of time. Thus, our approach is opportunistic in nature, enabling the use of an available RF
sensing modality when possible, yet consistently delivering a solution —albeit potentially

less accurate— even when it’s not available.

The real power of our methodology comes from the inclusion of custom nonlinear factors
tailored specifically for pedestrian indoor positioning. These factors encode domain-specific
knowledge such as unique sensor characteristics and key pedestrian parameters directly in
the optimization problem. To efficiently optimize on the Special Euclidean group SE(3)
(i.e. rotation and translation of the user), nonlinear factor graph optimization linearizes the
problem at the current estimate, approximating it within a tangent space. The linearized
problem is then solved, and the solution is mapped back to the original SE(3) space for
variable updates [321]. The iterative process of linearization and updates is repeated until it
eventually converges to a solution. Thus, to implement our custom factors, we must specify
appropriate error functions and their associated Jacobians in the SE(3) tangent space, which

are described in the following subsections.

9.4.1 Adaptive Scale for Pedestrian Motion

In our study, we employ two types of inertial navigation techniques: step counting-based
Pedestrian Dead Reckoning (PDR) and Robust Neural Inertial Navigation (RoNIN [313]).
Both techniques use accelerometers and gyroscopes to estimate relative motion. However,

they are inherently prone to accumulating errors over time, i.e. drift.

On one hand, PDR counts the step of the user by detecting spikes in acceleration [326],
and estimates the heading direction of each step (i.e. yaw) by combining accelerometer and
gyroscope data. In closely related prior work [88], PDR operates under the assumption of a
constant step length provided as an input parameter. This approach is not realistic, as step
length can vary significantly between individuals and can also fluctuate over time even within
a single trajectory. Solutions for step length estimation, such as foot-mounted IMUs [323],
are often not practical as they require specialized hardware. Therefore, in our framework, we
extend traditional Pedestrian Dead Reckoning (PDR) by incorporating a custom nonlinear

factor to jointly estimate the step length and the agent’s pose during the localization process.
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On the other hand, RoNIN [313] integrates IMU data overtime using a neural network archi-
tecture and computes a stable and accurate relative velocity. Yet, the scale of the velocity
estimates is intrinsically tied to the data used for training the network. Thus if the user is
smaller, taller or has a different gait from the original data collectors, the resulting RoNIN

trajectory estimates need to be scaled by a constant parameter analog to the step length in
PDR.

Step Counting-based Pedestrian Dead Reckoning

We define the agent’s pose before and after a step as Ty and 17 respectively. Both poses
belong to SE(3). The measured relative rotation matrix R from the IMU belongs to SO(3)
and, finally, s and u are the scaling variable corresponding to the step length and the unit

vector corresponding to the walking direction, respectively.

Ty, T, € SE(S), ROJ S SO(?)), seR (91)
17071 =SsS-u (92)

To build the measured relative pose T’step for a step, we utilize the measured rotation ROJ
and the translational component £,; which is dependent on the scale variable s. We also

define the relative pose Tj; between our estimates and the pedestrian motion error term

pmotion :

— Ro,l 750,1

iz—1step = [ 0 1 . (93)

To, =T, " Th. (9.4)
Pmotion — 7step - TO,l- (95)

The Jacobian matrices are critical for the optimization process, as they tell the optimizer how
a small change in each variable would affect the error. In our case, we need the Jacobians
Hﬁ‘“’“‘m, Hr_’;;""“"", and HPfmeotion of the error function pnetien With respect to the pose before

the step, the pose after the step, and the scaling variable s respectively.

Hpr'r = —Adj(Tg), Hg =1, (9-6)
T
Hgmotion — |:O’ O, 0’ _ui| . (97)
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The Jacobian Hz™"" is the negative adjoint representation of the relative pose Tofll. It
essentially captures how a small change in the initial SE(3) pose influences the error term
in tangent space se¢(3). Since T} directly contributes to Tp;, the Jacobian Hp™"" is simply
the identity matrix. Any change in T7 would directly translate to the same magnitude of
change in the error term. The Jacobian H?metor reflects how a change in the scale s would
negatively impact the translational component of the error term along the walking direction

u.

We also add a scale smoothing factor pg..ie to the factor graph. This factor is used to penalize
large changes between the scales s; and s; of consecutive steps. The scale smoothing factor

is defined as follows:

Pscale = Sj — Si, Hfiscale = _17 H‘fjscale =L (98)

Robust Neural Inertial Navigation (RoNIN)

In contrast to step counting-based PDR, RoNIN employs a neural network to integrate IMU
data and produce robust relative velocity estimates v over a time interval Agjpne. RoNIN’s
initial velocity scale is influenced by the ground truth data used during the network training.
To accommodate variations in user size, gait, and other parameters, we introduce a scaling
variable s analog to the one we use for the step counting-based approach. Note that scale

smoothing is also used for RoNIN.

5071 =s-v- Atime (99)

The relative pose Tstep in the RoNIN-based method is assembled using the scaled translation
to1 in a slightly different manner compared to the PDR. In this case, the relative pose
matrix represents only translation in x and y directions, Zy; and ¥ 1, without accounting for

rotation. The relative pose error function stays the same.

] To,1

_ Yo, B

T'Step = il » Pmotion = Lstep — T0,1~ (910)
000 O

T
Hspmotion — |:O7 0’ 07 _rﬁx . Atim@J _@y . Atimea 0 . (911)
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The Jacobians Hp™"" and Hp™"" are the same as in the step counting method. However,
the Jacobian H#»etior reflects a different sensitivity of the error term to changes in the scaling
variable s. It takes into account the effect on both x and y components of the velocity v over

the time interval Atime.

9.4.2 Drift Correction via Coarse Relocalization

In our solution, we also incorporate other measurement types such as BLE (Bluetooth Low
Energy) and WiFi fingerprinting, which are widely used in indoor localization [311]. We
perform fingerprinting online, which means that we collect fingerprints as we move through
the environment and use them to correct the drift in our inertial navigation estimates by
producing loop closures between poses (i.e., steps) sharing two highly similar fingerprints.
Frequently used to reduce localization drift SLAM, loop closures are constraints added be-
tween non-consecutive steps that are recognized to be in the same location [283]. Specifically,
using consumer smartphones, we periodically perform BLE and WiFi scans to collect Re-
ceived Signal Strength Indicators (RSSI), in dBm (decibel-milliwatts), from devices present
in the environment. The RSSI values from a scan ¢ are stored into a fingerprint vector f;
for which each entry correspond to a unique device. We compare fingerprint vectors from
different scans (e.g. f; and f;) using a cosine similarity. If the similarity is sufficiently high,
we introduce a loop closure constraint. To avoid false positive, we only consider scans with
at least ten RSSI values. Due to limitations in fingerprinting accuracy, the discretization of
steps, and the limited BLE/WiFi scan frequencies, the association of step-to-scan data is
inherently imperfect. Thus, with smartphones usually constrained by low scan rates, BLE
and Wi-Fi fingerprinting solutions lack reliability for precise localization. While the stan-
dard approach in the literature typically employs simple proximity constraints, which can be
enhanced by learning a mapping from similarity to distance as seen in [88], this approach

has the drawback of being highly environment and device-specific.

To address these challenges in a way that is agnostic to the environment, we introduce a coarse
loop closure method. This method defines a circular region within which loop closures are
costless, while outside of this region the cost increases in function of the distance. Essentially,
it encourages two estimated locations to remain close up to a certain distance. The distance
threshold is conservatively set to account for the inherent inaccuracies of the fingerprinting

system.

T, T; € SE(3), ¢ =R/ - (t; —t,). (9.12)
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Here, T; and T are transformation matrices representing two non-consecutive poses linked
by a fingerprint loop closure, and g is the relative translation vector between them in pose

T, reference frame.

gl —r if [lq]| >,
Ploop = (913)
0 otherwise.

The loop closure cost, pioep, is defined as follows: if ||g|| (the Euclidean norm of q) is greater
than a predefined trust radius r, the cost is the difference between ||q|| and . This encourages
loop closures when poses are outside the radius, otherwise, if ||q|| is less than or equal to r,
the cost is set to 0, indicating that the poses are within the loop closure radius. We define

the Jacobians as follows:

& 49 4q
qnorm: ) ) ) (914)
[||q|| lall ||Q||]
0O -g. ¢q -1 0
Hp =uom | @ 0 —q 0 -1 0], (9.15)
-q, ¢ 0 0 0 -1
Hz = [0,0,0, @uorm - Ri" - Ry (9.16)

where @quorm is the normalized relative translation vector, while H%‘)‘)p and H%""p represent
the sensitivity of the loop closure cost to changes in the poses ¢ and j. In the cases where
Ploop 18 equal to 0 (i.e., the poses are within the loop closure radius), we set the Jacobians to

Zero.

9.4.3 Opportunistic Positioning Solution

Our method results in a solution that is both robust and uniquely suited for the complex
challenges of indoor pedestrian localization. We seek to recover the optimal sequence of 3D
transformations 17, T, ..., T,, by minimizing the weighted sum of squared residuals corre-
sponding to the measurements. These transformations represent the poses of the pedestrian

at different time steps. Specifically, we solve:
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T; ... T 9.17)
=argmin ZHpmotion(Tiu Ti1) H?)motio;’_ | Pscate (84, Sit1) H?)scale (9.18)
Ty... Ty iEsteps
(bi,bj)EBLE loops
(wi,wj)eWIF1i loops
+ Z Hprange<T'uyta;d>H%/VUWB- (921)

(u,a,d)eUWB ranges

The weight matrices €2, represented as Qotions 2scale, 2BLE, and Qwir;, are the information
matrices (i.e., inverse of the covariance) of the corresponding measurements. The error term
Prange 15 the standard range measurement error term between a pose from the trajectory
T, and the 3D position of an anchor t,, with d as the measured range [321]. The weight
matrix Wywpg incorporates a Cauchy robust loss function based on the residual value [327] to
account for outliers in the collected ranges, particularly those arising from non-line-of-sight
measurements. To this formulation is added a pose prior fixing the first pose to the origin
of the world frame. Data from smartphones and UWB sensors are continuously collected
and transmitted to a central server for real-time processing. The optimization process is

performed using the Levenberg-Marquardt-based iISAM2 iterative algorithm [320]

T T T T T T T T T T T T T
4k — — PDR + Ranges — — PDR + Ranges 5 — — Ranges Onl.
—— Adaptive PDR + Ranges 4 - —— Adaptive PDR + Ranges 4 — — PDR + Ranges
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(c) Effect of initial UWB anchors
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(a) Effect of the number of (b) Effect of the initial scale
UWB anchors.

value.

Figure 9.1 Comparison between fixed and adaptive scaling approaches for inertial navigation
and UWB ranging solutions.
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9.5 Experiments

For the experiments, we used Samsung S22 phones carried by the pedestrian subjects.
Through the Android API, we collect orientation data, accelerometer data for step counting,
and both accelerometer and gyroscope data for RoNIN-based inertial navigation. Decawave
DW1001 Ultra Wideband (UWB) transceivers operating at 10 Hz were employed for ranging,
with one module on each phone and four additional modules serving as anchors randomly
placed within the environment. Bluetooth Low Energy (BLE) scans and WiFi scans were
carried out at frequencies of 1 Hz and 3 Hz, respectively. We use Google’s ARCore for ground

truth which is an accurate Visual-Inertial SLAM software available on Android.

9.5.1 Adaptive Scaling using Range Measurements

Our evaluation explores various parameters, including the number of UWB anchors, the initial
scale value, and the initial position estimates of the UWB anchors. We perform evaluation
with the four variants of our method: PDR, RoNIN, Adaptive PDR, and Adaptive RoNIN.

The first two variants use a fixed scale value, while the latter two estimate the scale online.

First, we assessed the system’s accuracy with respect to the number of UWB anchors em-
ployed. We tested the accuracy with all combinations of 0 to 4 anchors, 0 corresponding to
the pedestrian motion estimates alone. Fig. 9.1a shows the mean and standard deviation
results for the four variants of our method. The results clearly demonstrate that accuracy
increases with the number of anchors. Importantly, even a single anchor significantly en-
hances accuracy, showcasing the effectiveness of our system in environments with limited
anchor availability. This is especially true for the adaptive versions of our pedestrian motion
(i.e. Adaptive PDR and Adaptive RoNIN), as they can correct the scale of the trajectory
even with a single anchor. Notably, RoNIN consistently outperforms PDR due to its reduced
susceptibility to drift. Next, in Fig. 9.1b, we examined the influence of the initial scale value
s (referenced in Egs. 9.2 and 9.9) on accuracy. For fixed versions of pedestrian motion (PDR
and RoNIN), an erroneous initial scale value can lead to a large error accumulation. Con-
versely, adaptive versions (Adaptive PDR and Adaptive RoNIN) estimate scale online and
correct for poor initializations. Our evaluation also examined the impact of initial position
estimates of UWB anchors. Beginning with accurate anchor positioning and introducing in-
creasing levels of white Gaussian noise, Figure 9.1c demonstrates that our system’s accuracy
remains robust, as it estimates anchor positions as part of the optimization process. We
compared our results with a standard range-only approach [311] which necessitates accurate

initial anchor positioning to acheive reasonable estimates. This experiments showcases the
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versatility of our system, which can be used in environments where anchor positions are

unknown.

9.5.2 Drift Correction via Coarse Relocalization

A further contribution is the integration of BLE and WiFi-based coarse loop closing into our
framework. We conducted experiments to assess the impact of this loop closing technique on

the accuracy and robustness of our system.

As detailed in Section 9.4.2, our loop closing method defines a circular region where loop
closures incur no cost. Beyond this region, the cost increases as a function of distance. To
account for the low scan rates of BLE and WiFi, we set the radius of this region to 2 meters.

The experimental results depicted in Fig. 9.2 showcase the efficacy of this approach. To eval-

== = Estimate
Loop Closures

"_
SN
o
o

X (m)

Figure 9.2 Tllustration of the effect of BLE and WiFi-based coarse loop closing on localization
accuracy. Our approach results in a RMSE of 1.05 £ 0.52, which is a significant improvement
over RoNIN alone acheiving a RMSE = 2.88 4 1.55.

uate the practical utility of BLE and WiFi loop closing, we conducted ten trajectories within
an indoor environment, excluding UWB ranging. The resulting average accuracy, expressed
as RMSE (m) and standard deviations, are summarized in Table 9.1. We compared against

the standard proximity-based loop closing, which assumes that two steps poses linked by a
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Table 9.1 RMSE (m) achieved with BLE and WiFi loop closing over 10 runs. Comparison
between standard proximity loop closing and our approach. Smaller values are better.

BLE WiFi BLE and WiFi

PDR Proximity  2.39£0.96 3.31£1.61 3.22£1.33
PEOPLEx 1.464+0.60 1.63%0.66 1.46+0.58
RoNIN  Proximity 2.38+1.06 2.68£1.22 2.85+1.22
PEOPLEx 1.144+0.49 1.234+0.53 1.10£0.48

loop closure are at the exact same position. Conversely, our coarse loop closing method that
is better adapted to the low scan rate allowed on commercial phones, the step discretization,

and the inherent inaccuracies of fingerprinting such as multi-path effects.

The results demonstrate a substantial improvement in accuracy when employing our coarse
loop closing method in conjunction with imperfect BLE and WiFi data. More importantly,
as can be expected, naively performing proximity loop closing degrades the accuracy of the
estimates. Therefore, while direct proximity-based approaches, such as the one used in [88],
can achieve good performance when the measurement rate is at least as frequent as the user
steps, they are vulnerable to large errors when the scanning rate is too low. This motivates

the need for our more permissive coarse loop closing mechanism.

9.6 Conclusion

In conclusion, this paper introduces a novel framework for pedestrian localization that capi-
talizes on an opportunistic multi-sensor approach, leveraging IMU-based inertial navigation
as the backbone and integrating UWB, BLE, and WiFi when available to enhance accuracy.
The framework requires no prior environmental knowledge, and incorporates novel factors for
adaptive scaling and coarse loop closures. Experimental validation using commercial smart-
phones in real indoor environments demonstrates the effectiveness of our approach. Future
work will explore activity-aware localization, on-device estimation, and the integration of

additional sensing signals, such as WiFi RTT or CSI, in our framework.



138

CHAPTER 10 GENERAL DISCUSSION

The preceding chapters have presented contributions for the improvement of accuracy, adapt-
ability, and resource efficiency in collaborative SLAM systems. In this section, we synthesize
the findings, discuss the insights gained, and reflect on the challenges and open questions that
remain. This discussion is organized according to the three main research axes: Accuracy

and Resilience, Resource Efficiency, and Adaptability.

10.1 Accuracy and Resilience

This thesis introduced several techniques to enhance the accuracy and robustness of SLAM
and C-SLAM systems, addressing key challenges across diverse scenarios. We tackled incor-
rect place recognition matches through improved self-supervised calibration, as discussed in
Chapter 5, and addressed low overlap between robot trajectories—a common issue in col-
laborative mapping—through the use of foundation models in MOLD-SLAM (Chapter 8).
Although our latest results demonstrate that high-precision localization is achievable even
with limited map overlap, several challenges remain. As shown in Chapter 7, the overall
system’s robustness continues to rely heavily on the quality of loop closure detection and
data association, both of which remain vulnerable to noisy environments and spurious mea-

surements.

An important conceptual distinction I wish to highlight is the difference between robustness
and resilience in C-SLAM systems. While robustness focuses on minimizing the likelihood of
failures, resilience emphasizes the ability to recover from failures with minimal disruption to
the system [181]. In this thesis, we have aimed to improve both aspects. While in Chapters 5
and 8 we enhanced robustness by reducing errors in place recognition and registration, in
Chapter 6 we introduced improvements in resilience through neighbor management and ad-
hoc networking compatibility, ensuring that the system can continue to operate even if one
or more robots fail. This capacity to adapt and recover dynamically is essential for real-world
deployments where unpredictable failures are inevitable. This need for localization resilience
is exemplified by the recent localization failure of NASA’s Ingenuity Mars Helicopter [328],

which permanently put an end to its mission.

Therefore, I believe that more attention should be given to resilience in future research.
Resilience has been relatively overlooked in the localization literature compared to robustness,

but it may prove even more crucial for the widespread deployment of multi-robot systems. As
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robotic platforms become more interconnected and complex, the ability to maintain system
functionality in the face of partial failures or environmental challenges will be key to ensuring

reliable operation across industrial, planetary, and urban applications [329].

10.2 Resource Efficiency

Managing the balance between communication, memory, and compute resources is critical,
especially as the size of robotic teams and the scale of operations grow. In Swarm-SLAM
(Chapter 6), we demonstrated that well-informed communication prioritization can signif-
icantly reduce the volume of data shared and the associated complexity required to build
accurate, globally consistent maps. By selectively transmitting only the most relevant in-
formation, Swarm-SLAM facilitates rapid reconstruction of environments, ensuring efficient
operation even in ad-hoc robotic networks with constrained or intermittent communication,

such as those deployed in search-and-rescue missions or planetary exploration.

In MOLD-SLAM (Chapter 8), we explored the trade-offs between computational complexity
and system performance by integrating advanced registration techniques. These techniques,
while more computationally demanding, allow for high-precision alignment of maps generated
by robots with divergent trajectories and minimal overlap. This high-accuracy registration
unlocks significant computational gains during optimization by reducing the need for costly
outlier detection and error corrections. Moreover, keyframe sparsification was evaluated to
compress map data, leading to substantial savings in computation, communication, and mem-
ory resources. These results are promising for deployment on resource-constrained robotic
platforms enabling them to participate effectively in collaborative SLAM and multi-agent
tasks.

In PEOPLEx (Chapter 9), we extended SLAM principles beyond robotics, demonstrating
their applicability to low-power consumer devices like smartphones. By leveraging data from
embedded sensors (e.g., accelerometers, gyroscopes, UWB, WiFi, and BLE), PEOPLEx en-
ables accurate pedestrian positioning and tracking in both urban and indoor environments.
This innovation unlocks new possibilities for location-based services on mobile devices, such
as augmented reality, smart navigation, and personal safety monitoring, all without requir-
ing specialized hardware. As illustrated by recent approaches [216,220,221], the C-SLAM
community has shown growing interest in leveraging this technology to enable multi-agent

augmented reality experiences and improve human-robot interactions.

From the field experiments presented in Chapter 7, we investigated the scalability of our

proposed methods, revealing that scalability in SLAM is influenced not only by the number of
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collaborating robots but also by the size of the map. Although this issue also exists in single-
robot SLAM, it becomes more pronounced in C-SLAM due to the communication overhead
involved in synchronizing and scaling maps across multiple agents, especially when network
latency and bandwidth limitations are taken into account. Our results show that trade-offs
between communication, memory, and computation can be adjusted to achieve a balance
between accuracy and robustness through key parameter tuning. While this approach may
not offer a perfect solution, it represents the best available strategy until major breakthroughs

in computational methods or hardware are achieved.

Throughout this thesis, I tried to be as transparent as possible regarding the challenges of
expert tuning, a topic underexplored in the literature. While a few studies, such as [292], ac-
knowledge this problem, many omit this discussion or lack the open-source implementations
needed to facilitate reproducibility, thereby hindering scientific progress. Given that repro-
ducibility lies at the heart of science, we have published and publicly released our code wher-
ever possible, ensuring that our results—whether in terms of accuracy or robustness—can be

independently validated and extended by other researchers and practitioners.

Collectively, our contributions on resource-efficiency demonstrate the current scalability of
SLAM-based approaches across diverse scenarios—from ad-hoc robotic networks operating in
Mars-analogue environments to consumer smartphones in urban settings. We highlight the
importance of communication-aware design, computational trade-offs, and resource-efficient
mapping techniques in achieving state-of-the-art performance. However, despite these ad-
vancements, further research is required to develop real-time SLAM solutions for large-scale
operations, beyond a few robots, ensuring seamless collaboration across heterogeneous plat-

forms outside controlled laboratory settings.

10.3 Adaptability

Adaptability is essential to ensure that SLAM systems can perform reliably across diverse
and unpredictable environments. The self-supervised domain calibration method introduced
in Chapter 5 addresses this challenge by providing a solution to adapt place recognition
models without manual intervention. This approach helps the system recalibrate itself to

new environments, reducing the dependence on domain-specific models.

The root of the problem lies in the fact that most place recognition models are still trained
almost exclusively on a single domain—typically datasets captured by test vehicles on city
roads [72,242]. This is due to the availability of large-scale datasets focused on autonomous

driving [176, 330, 331]. Consequently, these models struggle to generalize to indoor, under-
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ground, or aerial environments where drones or other autonomous systems operate [332].

This domain rigidity limits the utility of SLAM systems in real-world applications.

While our self-supervised calibration approach successfully tunes place recognition models
by adjusting based on a preliminary run with loop closures, this process requires an initial,
although partial, exploration of the environment. This constraint presents a practical chal-
lenge for dynamic or previously unmapped environments, where a priori access to in-domain

data is not always feasible.

Looking ahead, the emergence of foundation models—pretrained on vast amounts of mul-
timodal data—offers a promising solution in addition of, or in replacement of, Chapter 5.
Large-scale pretraining could enable place recognition models to generalize across multiple
domains [223,224], reducing the reliance on targeted calibration and enhancing cross-domain
adaptability. However, while foundation models hold promise, challenges remain in highly
degraded environments, such as low-light conditions, occluded spaces, or environments with
sensor degradation [332]. The lack of high-quality datasets with labeled data from such en-
vironments continues to hinder progress, as degraded sensing scenarios are rarely captured

comprehensively in publicly available datasets [234].

To fully unlock the potential of adaptable SLAM systems, the research community must
invest in the creation of diverse, high-quality datasets that reflect the complexities and cor-
ner cases of real-world sensing conditions. Additionally, there is a need for models trained
to adapt more effectively across various domains, from outdoor settings to low-visibility in-
door environments. Building more generalizable models, capable of handling environmental
variability and sensor limitations, will be essential for the widespread deployment of SLAM

technologies across diverse robotic platforms.

10.4 Open Questions

In the light of the contributions presented in this thesis, some open questions remain for

future research:

e Scaling to Larger Teams and Missions: As we move towards larger-scale robot
teams, resource bottlenecks—whether computational, memory-related, or communica-
tion based—will become more pronounced [20]. How can SLAM systems balance these

constraints while ensuring real-time performance?

o Integration with Broader Robotic Capabilities: Future research must explore the

integration with navigation, coordination, privacy, and security more comprehensively.
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As robots operate in sensitive or collaborative settings, new frameworks will be needed
to safeguard data and ensure robust multi-agent interactions with both cooperative and

perhaps byzantine robots [6];

e Map Representations: The maps used in this thesis are built with explicit represen-
tations based on 3D features and geometric measurements. However, recent trends in
implicit representations, such as NeRF [333] or Gaussian Splatting [334], offer a new
way to represent environments with impressive realistic rendering capabilities. How
can these methods be scaled for real-time operations and efficiently integrated into
C-SLAM systems?

 Handling Computational Costs of Learned Models: As learned models grow
more complex, the computational demands of inference often increase. Lightweight
model architectures [270] or distributed inference [335] will be necessary to handle
these challenges. Additionally, how can future systems leverage cloud infrastructure to

offload heavy computations without compromising latency or accuracy?

In summary, this thesis demonstrated the feasibility of decentralized collaborative SLAM
in real-world deployments. The proposed methods—ranging from Swarm-SLAM to MOLD-
SLAM—provide a strong foundation for future research. However, open challenges remain in
the areas of scalability, long-term operation, and adaptability. Addressing these issues will re-
quire new algorithmic developments, better hardware integration, and continuous refinement

through extensive real-world testing.
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CHAPTER 11 CONCLUSION

The research presented in this thesis has made contributions toward improving accuracy,
adaptability, and resource efficiency in collaborative SLAM (C-SLAM) systems. Each work
package addressed specific challenges along these axes, and together they form a cohesive
effort to advance the state of the art in C-SLAM.

Through this journey, I have learned valuable lessons about conducting research, collabo-
rating with other teams, identifying critical research problems, and finding solutions using
the scientific method. I have also gained insights into how to evaluate and present research
effectively. An essential aspect I came to appreciate was the importance of sharing code and
providing detailed documentation to ensure reproducibility. This practice not only facili-
tates scientific progress and helps others build upon existing solutions, but also provides a

foundation for extending these efforts into future projects.

The progress made in this thesis contributes to a modest but significant progress in C-SLAM
research. Beyond the immediate outcomes, the tools and frameworks developed here can also
benefit other fields where collaborative behaviors among autonomous agents are essential,

including multi-robot systems, multi-agent augmented reality, and beyond.

11.1 Insights and Reflections

Throughout this research, I identified critical resource trade-offs required for practical C-
SLAM deployments. Although significant improvements were achieved, one of the key take-
aways is the need for easier system tuning and generalization. Ideal C-SLAM systems would
work out of the box with default parameters across a wide range of scenarios. Without such
flexibility, these systems will likely remain confined to controlled laboratory environments,

limiting their broader applicability.

My interactions with users and feedback, particularly on Swarm-SLAM, have also highlighted
the importance of actionable maps. Maps must not only provide accurate localization and
shared situational awareness among robots but also support decision-making and planning
tasks. In practice, maps serve various purposes, such as path planning, terrain analysis, and
environmental reasoning. However, current approaches—whether volumetric, mesh-based, or
relying on implicit representations—may not always suit all applications or match the unique

constraints faced by multi-robot teams.

Collaborative SLAM holds tremendous potential for transforming various sectors of society,
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from autonomous transportation and smart infrastructure to emergency response, environ-
mental monitoring, and space exploration. Solving the remaining challenges in scalability,
adaptability, and efficiency is therefore not just a technical goal—it is a critical enabler for
the future of robotics and autonomous systems. Ensuring that these technologies are robust,
resilient, and adaptable across different environments and devices will help to unlock their

full potential and drive meaningful societal impact.

11.2 Future Research Directions

A natural extension of this thesis involves enhancing C-SLAM to better suit downstream
tasks like path planning and collaborative decision-making, enabling fully autonomous col-
laboration in large-scale robot teams or swarms. In particular, the next steps involve scaling
C-SLAM to support swarms of robots that can operate autonomously with minimal human
intervention. By focusing on real-time adaptability and robustness, these systems can un-
lock new possibilities for industrial applications, space exploration, and public services. The
ultimate vision is to move from aspirational research to practical deployments, ensuring that
C-SLAM solutions evolve from promising prototypes to solutions that have tangible impacts

on industries and societies.

I hope the body of work presented in this thesis, along with the conclusions drawn, will sup-
port future researchers in their endeavors. I aim for it to provide a comprehensive overview of
the field, highlight the aspirations for improvement, and inspire new developments. My hope
is that it helps future researchers grasp the field’s most pressing limitations, avoid common
pitfalls, and ultimately push the boundaries of Collaborative Simultaneous Localization and

Mapping science toward new frontiers.
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