
From Perception to Actions:

Autonomous Exploration, Synthetic Data, and

Dynamic Worlds

Dissertation

der Mathematisch-Naturwissenschaftlichen Fakultät

der Eberhard Karls Universität Tübingen
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Tübingen

2025



Gedruckt mit Genehmigung der Mathematisch-Naturwissenschaftlichen Fakultät der

Eberhard Karls Universität Tübingen.
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Abstract

This thesis explores innovative methods and frameworks to enhance intelligent systems’

visual perception capabilities. Vision is the primary means by which many animals per-

ceive, understand, learn, reason about, and interact with the world to achieve their goals.

Unlike animals, intelligent systems must acquire these capabilities by processing raw

visual data captured by cameras using computer vision and deep learning.

First, we consider a crucial aspect of visual perception in intelligent systems: under-

standing the structure and layout of the environment. To enable applications such as ob-

ject interaction or extended reality in previously unseen spaces, these systems are often

required to estimate their own motion. When operating in novel environments, they must

also construct a map of the space. Together, we have the essence of the Simultaneous

Localization and Mapping (SLAM) problem. However, pre-mapping environments can

be impractical, costly, and unscalable in scenarios like disaster response or home auto-

mation. This makes it essential to develop robots capable of autonomously exploring and

mapping unknown areas, a process known as Active SLAM.

Active SLAM typically involves a multi-step process in which the robot acts on the

available information to decide the next best actions. The goal is to autonomously and

efficiently explore environments without using prior information. Despite an extensive

history, Active SLAM methods focused only on short- or long-term objectives, without

considering the totality of the process or adapting to the ever-changing states. Addres-

sing these gaps, we introduce iRotate to capitalize on continuous information-gain pre-

diction. Distinct from prevailing approaches, iRotate constantly (pre)optimizes camera

viewpoints acting on i) long-term, ii) short-term, and iii) real time objectives. By doing

this, iRotate significantly reduces energy consumption and localization errors, thus dimi-

nishing the exploration effort — a substantial leap in efficiency and effectiveness.

iRotate, like many other SLAM approaches, leverages the assumption of operating

in a static environment. Dynamic components in the scene significantly impact SLAM

performance in the localization, place recognition, and optimization steps, hindering the

widespread adoption of autonomous robots. This stems from the difficulties of collec-

ting diverse ground truth information in the real world and the long-standing limitations

of simulation tools. Testing directly in the real world is costly and risky without prior

simulation validation. Datasets instead are inherently static and non-interactive making

them useless for developing autonomous approaches. Then, existing simulation tools

often lack the visual realism and flexibility to create and control fully customized expe-

riments to bridge the gap between simulation and the real world. This thesis addresses

the challenges of obtaining ground truth data and simulating dynamic environments by
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introducing the GRADE framework. Through a photorealistic rendering engine, we ena-

ble online and offline testing of robotic systems and the generation of richly annotated

synthetic ground truth data. By ensuring flexibility and repeatability, we allow the exten-

sion of previous experiments through variations, for example, in scene content or sensor

settings.

Synthetic data can first be used to address several challenges in the context of Deep

Learning (DL) approaches, e.g. mismatched data distribution between applications, costs

and limits of data collection procedures, and errors caused by incorrect or inconsistent

labeling in training datasets. However, the gap between the real and simulated worlds

often limits the direct use of synthetic data making style transfer, adaptation techniques,

or real-world information necessary. Here, we leverage the photorealism obtainable with

GRADE to generate synthetic data and overcome these issues. First, since humans are

significant sources of dynamic behavior in environments and the target of many applica-

tions, we focus on their detection and segmentation. We train models on real, synthetic,

and mixed datasets, and show that using only synthetic data can lead to state-of-the-art

performance in indoor scenarios.

Then, we leverage GRADE to benchmark several Dynamic Visual SLAM methods.

These often rely on semantic segmentation and optical flow techniques to identify mo-

ving objects and exclude their visual features from the pose estimation and optimization

processes. Our evaluations show how they tend to reject too many features, leading to fai-

lures in accurately and fully tracking camera trajectories. Surprisingly, we observed low

tracking rates not only on simulated sequences but also in real-world datasets. Moreover,

we also show that the performance of the segmentation and detection models used are

not always positively correlated with the ones of the Dynamic Visual SLAM methods.

These failures are mainly due to incorrect estimations, crowded scenes, and not conside-

ring the different motion states that the object can have. Addressing this, we introduce

DynaPix. This Dynamic Visual SLAM method estimates per-pixel motion probabilities

and incorporates them into a new enhanced pose estimation and optimization processes

within the SLAM backend, resulting in longer tracking times and lower trajectory errors.

Finally, we use GRADE to address the challenge of limited and inaccurate annotations

of wild zebras, particularly for their detection and pose estimation when observed by

unmanned aerial vehicles. Leveraging the flexibility of GRADE, we introduce ZebraPose

— the first full top-down synthetic-to-real detection and 2D pose estimation method.

Unlike previous approaches, ZebraPose demonstrates that both tasks can be performed

using only synthetic data, eliminating the need for costly data collection campaigns,

time-consuming annotation procedures, or syn-to-real transfer techniques.

Ultimately, this thesis demonstrates how combining perception with action can over-

come critical limitations in robotics and environmental perception, thereby advancing the

deployment of intelligent and autonomous systems for real-world applications. Through

innovations like iRotate, GRADE, and ZebraPose, it paves the way for more robust, fle-

xible, and efficient intelligent systems capable of navigating dynamic environments.
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Zusammenfassung

Diese Arbeit untersucht innovative Methoden und Konzepte zur Verbesserung der vi-

suellen Wahrnehmungsfähigkeiten intelligenter Systeme. Sehen ist für viele Tiere das

wichtigste Mittel, um die Welt wahrzunehmen, zu verstehen, zu lernen, zu begreifen und

mit ihr zu interagieren, um dadurch ihre Ziele zu erreichen. Im Gegensatz zu Tieren

müssen intelligente Systeme diese Fähigkeiten durch die Verarbeitung von Rohdaten aus

Kameras mithilfe von Computer Vision und Deep Learning erwerben.

Wir betrachten zunächst einen entscheidenden Aspekt der visuellen Wahrnehmung

intelligenter Systeme: das Verständnis der Struktur und Organisation der Umgebung.

Um Anwendungen wie Objektinteraktion oder erweiterte Realität in bisher unbekann-

ten Räumen zu ermöglichen, müssen diese Systeme häufig ihre eigene Bewegung

einschätzen können. Wenn sie in neuen Umgebungen betrieben werden, müssen sie au-

ßerdem in der Lage sein, eine Karte des Raums zu erstellen. Zusammen ergibt sich daraus

das Kernproblem der simultanen Lokalisierung und Kartierung (Simultaneous Localiza-

tion and Mapping - SLAM). Allerdings kann die Vorabkartierung von Umgebungen in

Szenarien wie Katastropheneinsätzen oder der Hausautomation unpraktisch, kostspielig

und nicht skalierbar sein. Daher ist es unerlässlich, Roboter zu entwickeln, die in der

Lage sind, unbekannte Gebiete autonom zu erkunden und zu kartieren – ein Prozess, der

als Active SLAM bekannt ist.

Active SLAM umfasst in der Regel einen mehrstufigen Prozess, bei dem ein Robo-

ter auf der Grundlage der verfügbaren Informationen die nächsten und besten Aktionen

auswählt. Das Ziel besteht darin, Umgebungen autonom und effizient zu erkunden, ohne

auf Vorabinformationen zurückgreifen zu müssen. Trotz ihrer langen Geschichte konzen-

trierten sich Active SLAM-Methoden bisher nur auf kurz- oder langfristige Ziele, ohne

den Gesamtprozess zu berücksichtigen oder sich an die sich ständig ändernden Zustände

anzupassen. Um diese Lücken zu schließen, führen wir iRotate ein, um die kontinuier-

liche Vorhersage von Informationsgewinnen zu nutzen. Im Gegensatz zu den gängigen

Ansätzen optimiert iRotate ständig die Kameraperspektiven, indem es auf i) langfristige,

ii) kurzfristige und iii) Echtzeit-Ziele einwirkt. Auf diese Weise reduziert iRotate den

Energieverbrauch und Lokalisierungsfehler signifikant und verringert somit den Erkun-

dungsaufwand – ein erheblicher Sprung in Sachen Effizienz und Effektivität.

iRotate nutzt, wie viele andere SLAM-Ansätze auch, die Annahme, dass es in einer

statischen Umgebung eingesetzt wird. Dynamische Komponenten in der Szene haben

einen erheblichen Einfluss auf die SLAM-Leistung hinsichtlich Lokalisierung, Ortser-

kennung und Optimierung und sind einer breiten Einführung autonomer Roboter hin-

derlich. Dies ist auf die Schwierigkeiten bei der Erfassung diverser Ground-Truth-
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Informationen in der realen Welt und die seit langem bestehenden Limitierungen von

Simulationswerkzeugen zurückzuführen. Das direkte Testen in der realen Welt ist ohne

vorherige Validierung in Simulationen kostspielig und riskant. Datensätze sind hinge-

gen von Natur aus statisch und nicht interaktiv, was sie für die Entwicklung autonomer

Ansätze unbrauchbar macht. Außerdem mangelt es bestehenden Simulationswerkzeu-

gen oft an visuellem Realismus und Flexibilität, um vollständig angepasste Experimente

zu erstellen und zu steuern, die die Lücke zwischen Simulation und realer Welt schlie-

ßen. Diese Arbeit befasst sich mit den Herausforderungen der Gewinnung von Ground-

Truth-Daten und der Simulation von dynamischen Umgebungen durch die Einführung

des GRADE framework. Durch eine fotorealistische Rendering-Engine ermöglichen wir

Online- und Offline-Tests von Robotersystemen und die Generierung reichhaltig anno-

tierter synthetischer Ground-Truth-Daten. Durch die Gewährleistung von Flexibilität und

Wiederholbarkeit ermöglichen wir die Erweiterung früherer Experimente durch Variatio-

nen, beispielsweise in Bezug auf Szeneninhalte oder Sensoreinstellungen.

Synthetische Daten können zunächst dazu verwendet werden, mehrere Herausforde-

rungen im Zusammenhang mit Deep-Learning-Ansätzen (DL) anzugehen, z. B. eine un-

gleichmäßige Datenverteilung zwischen Anwendungen, Kosten und Grenzen von Da-

tenerfassungsverfahren sowie Fehler, die durch falsches oder inkonsistentes Labeln in

Trainingsdatensätzen verursacht werden. Die Kluft zwischen der realen und der simu-

lierten Welt schränkt jedoch häufig die direkte Verwendung synthetischer Daten ein, so-

dass ein Transfer des Styles, Anpassungstechniken oder Informationen aus der realen

Welt erforderlich sind. Hier nutzen wir den mit GRADE erzielbaren Fotorealismus, um

synthetische Daten zu generieren und diese Probleme zu überwinden. Da Menschen eine

wichtige Quelle für dynamisches Verhalten in Umgebungen und das Ziel vieler Anwen-

dungen sind, konzentrieren wir uns zunächst auf ihre Erkennung und Segmentierung.

Wir trainieren Modelle auf realen, synthetischen und gemischten Datensätzen und zei-

gen, dass die Verwendung ausschließlich synthetischer Daten zu state-of-the-art Leistung

in Innenraum-Szenarien führen kann.

Anschließend nutzen wir GRADE, um mehrere Dynamic Visual SLAM-Methoden

zu benchmarken. Diese basieren häufig auf semantischer Segmentierung und optischen

Flusstechniken, um bewegte Objekte zu identifizieren und ihre visuellen Merkmale von

der Pose-Schätzung und Optimierung auszuschließen. Unsere Auswertungen zeigen,

dass sie dazu neigen, zu viele Merkmale abzulehnen, was zu Fehlern bei der genauen

und vollständigen Verfolgung von Kameratrajektorien führt. Überraschenderweise be-

obachteten wir niedrige Verfolgungsraten nicht nur bei simulierten Sequenzen, sondern

auch in realen Datensätzen. Darüber hinaus zeigen wir, dass die Leistung der verwen-

deten Segmentierungs- und Erkennungsmodelle nicht immer positiv mit der der Dy-

namic Visual SLAM-Methoden korreliert. Diese Fehler sind hauptsächlich auf falsche

Schätzungen, überfüllte Szenen und die Nichtberücksichtigung der verschiedenen Be-

wegungszustände des Objekts zurückzuführen. Um dies zu beheben, führen wir DynaPix

ein. Diese dynamische visuelle SLAM-Methode schätzt Bewegungswahrscheinlichkei-

ten pro Pixel und integriert sie in neue, verbesserte Prozesse zur Posenschätzung und
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-optimierung innerhalb des SLAM-Backends, was zu längeren Trackingzeiten und ge-

ringeren Flugbahnfehlern führt.

Schließlich verwenden wir GRADE, um die Herausforderung der begrenzten und un-

genauen Annotationen von wilden Zebras anzugehen, insbesondere hinsichtlich ihrer Er-

kennung und Schätzung der Pose, wenn sie von unbemannten Luftfahrzeugen beobachtet

werden. Unter Ausnutzung der Flexibilität von GRADE führen wir ZebraPose ein – die

erste vollständige Top-Down-Methode zur Erkennung von synthetischen zu realen Ob-

jekten und zur 2D-Posen-Schätzung. Im Gegensatz zu früheren Ansätzen zeigt Zebra-

Pose, dass beide Aufgaben nur mit synthetischen Daten durchgeführt werden können,

wodurch kostspielige Datenerfassungskampagnen, zeitaufwändige Annotationsverfah-

ren oder Syn-to-Real-Transfertechniken überflüssig werden.

Letztendlich zeigen wir in dieser Arbeit, wie die Kombination von Wahrnehmung

und Handeln kritische Limitierungen in der Robotik und der Umgebungswahrnehmung

überwinden und letztlich den Einsatz intelligenter und autonomer Systeme für reale An-

wendungen vorantreiben kann. Durch Innovationen wie iRotate, GRADE und ZebraPose

ebnet sie den Weg für robustere, flexiblere und effizientere intelligente Systeme, die in

der Lage sind, sich in dynamischen Umgebungen zurechtzufinden.

ix





Acknowledgements

Picture a wave. In the ocean. You can

see it, measure it, its height, the way

the sunlight refracts when it passes

through. And it’s there. And you can

see it, you know what it is. It’s a

wave. And then it crashes in the shore

and it’s gone. But the water is still

there. The wave was just a different

way for the water to be, for a little

while. Just as the ocean, so too does

life. There will be times of calm and

times of turbulence, transformations,

retreats, and beautiful waves, but

ultimately, we keep moving forward.

Adapted from The Good Place, S4E13

Looking at the last five years, I feel incredibly fortunate to have had in my life the

combination of a supportive and flexible work environment, the inspiring atmosphere of

the PS department, enriching opportunities, and the companionship of wonderful friends

and family. As a first-generation scholar, and remembering the challenges I faced during

my undergraduate studies, I am still in disbelief about having reached this point. I re-

member receiving the news that day in March 2020, and I’ll be forever grateful for this

opportunity. Surely, starting my PhD during the global COVID-19 pandemic presented

unique challenges that demanded resilience and adaptability, and probably made some

things harder than necessary. Perhaps also thanks to that, this journey has been transfor-

mative, teaching me the value of collaboration, persistence, balance, and reflection. It

was a test of perseverance, but one that led to profound growth.

First, I want to thank my advisors, Prof. Aamir Ahmad and Prof. Michael J. Black,

for the amazing environments they created. Your guidance has been a cornerstone of

my growth, and I am grateful for the freedom you often allowed me — sometimes, per-

haps, too much! Your mentorship, insightful guidance, and encouragement throughout

this journey meant a lot. I am especially grateful for your support during moments when

things didn’t work out as planned, for the harsh, beneficial, and constructive feedback,

and for the random yet invaluable insights dropped even during small talks in all-hands

xi



meetings or lunches. You have been role models not only professionally but also person-

ally, showing how to navigate challenges, research, and life with integrity, creativity, and

determination. For your guidance, all the lessons learned, and the opportunities, I will

always be profoundly thankful.

I thank Jörg Stückler for being on my thesis advisory committee and providing valu-

able feedback about my research projects and journey. I would also like to thank Prof.

Hendrik P. A. Lensch and Martin V. Butz for reviewing this thesis and for participating

in the oral exam.

I want to thank Nicole, Melanie, and Benjamin, you are truly the backbone of the

Perceiving Systems group. Your administrative support, technical expertise, and will-

ingness to help ensured that many hurdles were overcome seamlessly. Thank you for

making countless tasks so easily doable.

To my colleagues and friends at the Max Planck Institute, back home, and beyond,

thank you for the many moments that enriched this experience—discussions that sparked

ideas, and fun moments that lightened the days. Thank you for the countless coffees,

movie nights, BBQs, and hikes that added color to this journey. There were many hard

moments, but so many nice ones, and your presence made both more meaningful and

manageable. We all know that the journey from idea to implementation to publication is

a difficult one, and I am especially grateful to all who helped me forget those challenges,

even if just for a few minutes while drinking a coffee. Among them, I want to extend my

thanks to my co-authors and to all members of the FRPG group with whom I had amazing

experiences - especially performing experiments and work trips. Collaborating with you

has been enriching, and your contributions have significantly shaped my journey.

I am also grateful for the opportunities that this program has given me to travel, attend

conferences, and undertake internships. These experiences broadened my perspective,

enriched my knowledge, and deepened my appreciation for the collaborative nature of

scientific research.

A special thanks to my family — my mum and dad, Roberta and Luciano, and my

big sis, Chiara. Your unconditional love and belief in me, even as I missed birthdays,

holidays, and events, because of deadlines, internships, work, or travel. You gave me the

strength to keep pushing forward. Your belief in me, unconditional support, love, and

comprehension while seeing me abroad and far from home have been the foundation of

my success here and made me feel safe, whatever happened. Thank you.

Finally, I will thank my partner, Laura, for your patience, understanding, constant

encouragement, and presence in both the challenging and joyful moments. You have

been my rock throughout this journey - even if you will never admit that, and you will

never believe me on this. Despite the physical distance that often separated us, you made

every moment special and made every second we saw each other in these years count.

Thank you for your sacrifices and for bearing the time I took away from us, without ever

faltering. I hope this will be worth it.

Thank you all. You have made this challenging journey worthwhile, transforming it

into an unforgettable experience that will shape me and my life forever.

xii



Contents

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Summary of Content . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2.1 List of Publications . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.3.1 Simultaneous Localization and Mapping . . . . . . . . . . . . . 10

1.3.2 2D and 3D Vision . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.3.3 Graph-based V-SLAM . . . . . . . . . . . . . . . . . . . . . . 13

2 Human-like Autonomous Exploration 19

2.1 Active Visual SLAM . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.2.1 Goals Selection and Active Control . . . . . . . . . . . . . . . 25

2.2.2 Goal and Path Utility Computation . . . . . . . . . . . . . . . . 27

2.2.3 Independent Robot-Camera Movement . . . . . . . . . . . . . 28

2.2.4 Learning-based Active SLAM . . . . . . . . . . . . . . . . . . 30

2.3 Problem Description and Notations . . . . . . . . . . . . . . . . . . . . 30

2.4 Kinematic Models and Uncertainty . . . . . . . . . . . . . . . . . . . . 31

2.4.1 The Robot Platform . . . . . . . . . . . . . . . . . . . . . . . 31

2.4.2 Kinematic Description . . . . . . . . . . . . . . . . . . . . . . 32

2.4.3 Merging State Estimates . . . . . . . . . . . . . . . . . . . . . 33

2.5 Our Active SLAM Approach . . . . . . . . . . . . . . . . . . . . . . . 34

2.5.1 Goal Selection Strategy . . . . . . . . . . . . . . . . . . . . . . 34

2.5.2 Pose Utilities Formulations . . . . . . . . . . . . . . . . . . . . 35

2.5.3 Global Path Generation, our First Active Level . . . . . . . . . 37

2.5.4 Path Execution and Robot Control . . . . . . . . . . . . . . . . 39

2.5.5 Local Waypoint Refinement, our Second Active Level . . . . . 41

2.5.6 Real Time Heading Refinement, our Third Active Level . . . . 41

2.5.7 Coordinating The Modules . . . . . . . . . . . . . . . . . . . . 42

2.6 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

2.6.1 Setup and Implementation . . . . . . . . . . . . . . . . . . . . 44

2.6.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . 46

2.6.3 Methods Naming and Description . . . . . . . . . . . . . . . . 47

2.6.4 Simulation Experiments . . . . . . . . . . . . . . . . . . . . . 49

2.6.5 Real Robot Experiments . . . . . . . . . . . . . . . . . . . . . 61

xiii



Contents

2.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3 Photorealistic Simulations: Bridging Virtual and Real Worlds 67

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.2.1 Robotics Simulators . . . . . . . . . . . . . . . . . . . . . . . 72

3.2.2 Indoor Environments Datasets . . . . . . . . . . . . . . . . . . 74

3.2.3 Simulated Animated Humans . . . . . . . . . . . . . . . . . . 75

3.3 GRADE Components . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

3.3.1 (Non-)Rigid Assets Preparation and Placement . . . . . . . . . 76

3.3.2 Robot Creation and Control . . . . . . . . . . . . . . . . . . . 80

3.3.3 Simulation Management . . . . . . . . . . . . . . . . . . . . . 82

3.3.4 Post-Processing Tools . . . . . . . . . . . . . . . . . . . . . . 83

3.4 GRADE Case Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

3.4.1 ROS-Free Simulation in a Savanna Environment . . . . . . . . 85

3.4.2 (Multi-)Robots and Active SLAM . . . . . . . . . . . . . . . . 87

3.4.3 Experiment Repetition and Enhancement . . . . . . . . . . . . 89

3.5 Data Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

3.5.1 Summary of Released Data and Code . . . . . . . . . . . . . . 94

3.6 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

3.6.1 Experiment Repetition Tool . . . . . . . . . . . . . . . . . . . 98

3.6.2 Syn-to-Real Transfer Learning . . . . . . . . . . . . . . . . . . 98

3.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4 Dynamic Visual SLAM: Benchmarking, Challenges, and Pixels 105

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

4.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

4.3 Benchmarking Dynamic V-SLAM . . . . . . . . . . . . . . . . . . . . 110

4.3.1 Visual SLAM Performance . . . . . . . . . . . . . . . . . . . . 112

4.3.2 Dynamic V-SLAM and Deep Learning relation . . . . . . . . . 115

4.4 DynaPix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

4.4.1 Pixel-wise Motion Probability . . . . . . . . . . . . . . . . . . 121

4.4.2 Tracking and Pose Optimization . . . . . . . . . . . . . . . . . 127

4.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.5.1 Static Sequences . . . . . . . . . . . . . . . . . . . . . . . . . 130

4.5.2 Dynamic Sequences . . . . . . . . . . . . . . . . . . . . . . . 130

4.5.3 Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . . 132

4.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

5 Using Synthetic Data for UAV-Based Zebra Detection and Pose Estimation 135

5.1 Top-Down 2D Zebras Pose Estimation . . . . . . . . . . . . . . . . . . 137

5.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

xiv



Contents

5.3 Synthetic Data Generation . . . . . . . . . . . . . . . . . . . . . . . . 142

5.3.1 Environments . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

5.3.2 Dynamic Assets . . . . . . . . . . . . . . . . . . . . . . . . . 145

5.3.3 Placement of the Zebras . . . . . . . . . . . . . . . . . . . . . 145

5.3.4 Data Generation Methodologies . . . . . . . . . . . . . . . . . 146

5.3.5 Synthetic Data Enhancement . . . . . . . . . . . . . . . . . . . 147

5.3.6 2D Pose Labels . . . . . . . . . . . . . . . . . . . . . . . . . . 148

5.4 Real world data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

5.5 Datasets and Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

5.5.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

5.5.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . 153

5.6 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

5.6.1 YOLOv5s Based Detection . . . . . . . . . . . . . . . . . . . . 153

5.6.2 2D pose estimation performance . . . . . . . . . . . . . . . . . 161

5.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

6 Conclusion 169

6.1 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . 169

6.2 Future Research Directions . . . . . . . . . . . . . . . . . . . . . . . . 172

6.2.1 Toward Full (3D) Trajectory Planning in Active SLAM . . . . . 172

6.2.2 Dynamic-aware and Task-driven Active SLAM . . . . . . . . . 172

6.2.3 Controllable and Continuous Simulations . . . . . . . . . . . . 173

6.2.4 Decomposing SLAM for Robust and Adaptive Systems . . . . . 174

6.2.5 Cooperative (Active) SLAM at Scale for Animal Conservation . 175

6.3 Closing Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

Bibliography 177

xv





List of Figures

2.1 Our omnidirectional robot actively maps a reconstructed office reception

area. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2 Our robot platform – Festo Didactic’s Robotino with additional structure

and hardware. Real robot (left), Gazebo model (right). . . . . . . . . . 24

2.3 A representation of the first and second levels of activeness. The ini-

tial state, shown in (a), depicts the current voxels’ occupancy proba-

bility based on the RViz [103] standard color coding, i.e. the free cells

are black, likely-free blue, likely-obstacles red, and obstacles light-blue,

while in white it is unexplored space. In (b), we show the frontier points

as green dots and a path toward one of them. In (c) and (d), we depict

our first active level, i.e. the optimal headings with the frustum overlap.

We show with a red circular area the set of visible cells from a given lo-

cation, in yellow the ones covered by the optimized orientation, we omit

the overlapping cells, and depict the final optimal headings as white ar-

rows. In the final image (e), we can clearly see the difference between

the pre-computed optimal view direction (white arrow) and the one by

the second active level, computed only once the previous waypoint is

reached (red arrow). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.4 Example of a computed γt using θ̃ ⋆
i+1 = 60◦, κ2 = −6, βi+1 = −60◦,

κ3 =−0.5, and δt ∈ [0,1.5] m (distance to waypoint). . . . . . . . . . . 44

2.5 Top-down view of the two simulated environments . . . . . . . . . . . 45

2.6 Average time and path length evolution of our experiments in the Café
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Chapter 1 Introduction

1.1 Motivation

Humans rely heavily on vision to perceive, understand, and interact with their surround-

ings. Vision, however, goes beyond passive observation [9]. Our ability to continuously

process and learn from visual data while leveraging experiences allows us to act safely

and efficiently in diverse environments. With just a glance, we can, for example, easily

construct mental maps of spaces, identify objects and people, intuitively shift our focus

to what is important, and imagine (future) scenarios we have not yet observed [160].

While other senses can also contribute valuable information, vision uniquely enables us

to understand spatial relationships, adapt to changes, and foresee the future.

In many ways, we seek to replicate with machines this ability to sense and interpret

the external environment in real-time as it is crucial to enabling robotics applications,

autonomous systems, and extended reality (XR) tools [45]. Generally, intelligent sys-

tems rely on exteroceptive sensors such as sonar [63, 122], LiDAR [24, 114, 259], and

cameras [114,187,247] to perceive their surroundings. Cameras stand out for their cost-

effectiveness, ability to capture detailed spatial and temporal information, and intuitive

feedback for users and developers. This makes them one of the most used sensors for

allowing intelligent systems to perceive the world.

Unfortunately, unlike humans, machines natively lack our innate understanding and

intuitive perception of the environment and must learn to process and extract informa-

tion from raw pixels and images. Geometry and computer vision (CV) techniques have

traditionally been used to infer the 3D geometry of the scene [76, 95, 152] or estimate

the camera motion [214, 217]. Recently, advancements in deep learning (DL) have al-

lowed us, for example, to use images to detect and classify objects automatically in the

scene [80, 84, 105, 177]. However, this is often insufficient to enable the interaction

between intelligent systems and the environment. A cleaning robot navigating a house-

hold [108], an autonomous vehicle making split-second decisions on the road [24], or an

XR system enhancing immersive experiences [109], all depend on a continuous cycle of

perception, processing, learning, and acting on sensory data, just as humans and animals

do [202].

Achieving this level of adaptability in intelligent systems remains a significant chal-

lenge in many scenarios. Current methods often lack the flexibility, generalization, con-

textual understanding, real-time processing, and decision-making capabilities we pos-

sess [72, 73, 221, 225]. For example, humans always maintain awareness of their sur-

roundings, constantly knowing where they are and what is around them. We do so seam-

lessly and unconsciously, but it is what ultimately allows us to perform actions even in

new, unseen environments. By contrast, intelligent systems often find themselves in new

worlds. Therefore, to enable downstream applications and autonomy, they must leverage

perception first to localize themselves, understand the environment, and recognize places

- abilities enabled with Simultaneous Localization and Mapping (SLAM) [28, 162, 223]

approaches.

SLAM often provides the groundwork for intelligent systems to operate effectively in
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1.1 Motivation

previously unseen environments. Visual SLAM (V-SLAM) approaches [114, 152, 221,

235] use cameras to both build a representation of the world and to be able to understand

their location in it. This allows the creation of maps - necessary for enabling tasks such

as navigation, object interaction, or others - when no information is available beforehand,

as in common household environments. In robotics, SLAM can also be integrated with

reasoning and action in Active SLAM methods [40, 116, 157, 240], where the system

processes its state and the information received to explore environments autonomously.

However, current systems often lack the adaptability and continuous focus-switching that

humans intuitively perform, limiting their performance, flexibility, and scalability [156,

162, 183].

Humans also excel at using vision to predict the dynamics of their surround-

ings, effortlessly adapting to changes without necessarily compromising their capabil-

ities [61, 160]. In contrast, SLAM systems often struggle when deployed in dynamic

environments [14,17,24,191]. This inability is a significant bottleneck in advancing and

broad adoption of intelligent systems, as it constrains both their effectiveness and robust-

ness. The problem is the result of practical and technological barriers. Testing physical

robots in dynamic environments is dangerous and resource-intensive due to their lim-

ited control and decision-making capabilities. Simulators, instead, while offering a safer

alternative, frequently fall short in replicating the realism and variability of actual envi-

ronments [43, 44]. Moreover, despite an extensive history, V-SLAM approaches fail to

capture the different levels of dynamism that an object can show [14, 235, 267].

A further complication arises from the inability of intelligent systems to learn to

generalize visual information in the same way humans do. We can make associa-

tions effortlessly, recognizing patterns and adapting to new contexts based on prior

experience. By contrast, current deep learning models rely heavily on vast, labeled

datasets [59, 129, 213, 248]. While these datasets have driven remarkable progress,

they are expensive, time-consuming, and sometimes impractical to create. Further-

more, systems trained on narrowly defined datasets often struggle to generalize, as

their performance degrades when faced with the diversity and complexity of real-world

tasks [119, 187, 224]. This gap underscores the need for innovative approaches that en-

able intelligent systems to specialize or generalize effectively.

Overcoming these challenges would unlock applications for intelligent systems, such

as autonomous navigation in complex environments, assistive technologies for caregiv-

ing, conservation efforts in natural habitats, and enhanced immersion in AR/VR/XR ap-

plications. This thesis addresses these challenges by proposing innovative solutions that

bridge perception and action, enabling intelligent systems to reason, learn, and adapt in

unknown or dynamic environments. By leveraging insights from human perception and

integrating them into system design, the contributions presented in this work aim to push

the boundaries of intelligent system capabilities.
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1.2 Summary of Content

Vision is fundamental to how humans and animals perceive, understand, and interact

with the world. It enables continuous processing, learning, foreshadowing, and adaptive

behaviors in diverse, unseen, and dynamic environments. Inspired by these capabilities,

this thesis focuses on leveraging visual perception to bridge sensing with understand-

ing and action to address critical challenges that limit intelligent systems from behaving

in human-like ways in our world. Specifically, narrow and static datasets, resource-

intensive data collection and evaluations, limited simulation tools, and fixed, inflexi-

ble objectives embedded in some applications are all aspects that severely constrain our

ability to obtain intelligent systems capable of generalizing and adapting. To address

these challenges, we target four main tasks. First, we aim to autonomously explore

and map unknown environments, building on graph-based Visual SLAM methods (intro-

duced in Section 1.3.3) while promoting more human-like behavior rather than narrowly

focused objectives. Second, we develop a flexible and controllable simulation system

designed to reduce the sim-to-real gap while supporting robotics applications. Third, we

enhance camera state estimation in dynamic environments, improving system robustness

by leveraging the continuously varying motions of objects. Finally, we explore the use

of synthetic data to learn real-world information, bypassing the challenges of costly and

impractical data collection.

Human-Like Autonomous Exploration In Chapter 2, we address the challenge of

enabling robotics systems to explore and map unknown environments autonomously us-

ing visual data in scenarios where prior information is unavailable. This problem, known

as Active V-SLAM [240], is fundamental for numerous real-world applications, particu-

larly in environments where human intervention is impractical, hazardous, or inefficient.

For instance, in disaster response scenarios autonomous exploration can help navigate

unstable or dangerous areas without risking human lives [58]. In industrial settings, in-

stead, such as building and facilities inspection or deep-sea exploration, Active V-SLAM

enables robots to operate in conditions where sending human workers could be costly, un-

safe, or impractical [29, 232]. Additionally, for home-centered applications like robotic

assistants or automated cleaning systems, the ability to autonomously explore and map

an environment efficiently is essential for scalability, reducing the need for human su-

pervision or specialized setup [7]. Despite a long-lasting history, existing exploration

methods often adopt only ‘simple’ approaches, optimizing either short-term or long-

term objectives, neglecting the evolving nature of the exploration process itself [162].

This way of dealing with the problem hinders efficiency, adaptability, and real-world ap-

plicability, even assuming a static environment without moving entities. State-of-the-art

approaches targeted either the closest frontier1 or the one that maximized the information

gain but without considering the exploration process [47]. Other methods only focused

on the immediate vicinity of the robot, without considering the overall long-term ob-

1The boundary between explored and unexplored areas.
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jective [19]. Instead, unlike conventional methods that treat these aspects in isolation,

our approach continuously predicts information gain and dynamically optimizes camera

viewpoints to maximize exploration efficiency and localization accuracy. The intuition

is that humans do not navigate by following rigid, pre-planned strategies, and do not al-

ways look in the same, fixed direction. Instead, with iRotate we continuously adjust the

robot’s heading, shifting the visual focus and refining our actions based on immediate

surroundings and long-term goals. iRotate is a multi-layered approach built on top of rhe

RTAB-Map [114] framework. The top layer predicts the overall information gain across

different paths leading to frontier points, ensuring a fully informed decision. The second

layer refines the orientation of the camera along these paths, accounting for variability

in information due to robot movements, evolving map optimizations, and potential er-

rors in trajectory execution. Finally, the third layer leverages local feature information in

real-time to enhance the robustness of the state estimate. This ensures that as the robot

moves, it maintains an accurate understanding of its environment, effectively integrat-

ing long-term exploration strategies with short-term adaptability. Initially, our method

is specifically designed for omnidirectional robots, leveraging their independent control

over translation and rotation. However, this would limit the integration of the approach

into several systems. Therefore, we introduce an additional degree of freedom by en-

abling independent camera rotation, allowing the robot to optimize its viewpoint without

altering its trajectory. While this enhances visual information acquisition, it also creates

additional estimation uncertainties, as it is not possible to know the exact relative orienta-

tion of the two without costly specialized sensors. To address this, we extend the robot’s

state estimation mechanism to include the camera state, jointly modeling their uncer-

tainties to maintain accurate localization and mapping. Through extensive simulations

and real-world robot experiments, we demonstrate that iRotate achieves comparable ex-

ploration coverage to state-of-the-art methods while significantly reducing overall map

entropy. Notably, our approach reduces the total distance traversed by up to 39% com-

pared to existing techniques, without increasing the total rotation of the robot’s wheels,

while traveling shorter paths. By unifying real-time adaptability with long-term explo-

ration strategies, iRotate represents a significant advancement in Active Visual SLAM.

It enhances efficiency and accuracy and lays the groundwork for more flexible and intel-

ligent autonomous systems.

Photorealistic Simulations: Bridging Virtual and Real Worlds In Chapter 2 we

assumed that the robot was working inside a static environment. While convenient and

commonly adopted, this assumption fails to reflect real-world complexities. Dynamic

elements, e.g. moving people, disrupt core V-SLAM mechanisms such as state estima-

tion and map building, thus limiting their robustness and adoption. This assumption

is often the result of several concurring factors. Testing robots in real-world scenar-

ios provides clear and valuable insights, but it is often costly, risky, and impractical,

especially when dynamic components in the scene might collide with the autonomous

robot [211, 235, 243]. Additionally, real-world tests cannot be precisely repeated. To

avoid these risks, researchers turn to datasets and simulations. However, datasets are con-

5



Chapter 1 Introduction

strained by fixed sensors, offer no interaction, and cannot support the continuous reason-

ing and changes brought by autonomous methods. Moreover, synthetic datasets (often

tailored for CV applications [187]) frequently feature unrealistic backgrounds [59], mak-

ing them less applicable to robotics. At the same time, traditional simulation tools lack

either flexibility, low-level control, or support of realistic physics, rendering technolo-

gies, diverse robotic systems, or dynamic entities. All critical elements for developing

robust autonomous systems. To address these limitations, Chapter 3 introduces a pho-

torealistic simulation framework for Generating Realistic And Dynamic Environments -

GRADE. GRADE is designed to simulate robots and collect data in dynamic environ-

ments that closely mimic real-world conditions. Built on NVIDIA Isaac Sim, GRADE

leverages its path-tracing and physics engines for high-fidelity rendering and realistic

interactions. GRADE extends Isaac Sim’s capabilities by providing extensive tools to

enhance simulation control, seamlessly load and command robots, and generate high-

quality ground-truth synthetic data in various scenarios. A key innovation of GRADE

is its experiment repetition mechanism, which allows for controlled variations of pre-

viously run simulations while preserving physics consistency. This feature facilitates

robust benchmarking and iterative testing across diverse scenarios, making it invaluable

for advancing autonomous systems. In this chapter, we also show that it is possible to use

the data generated with GRADE alone to address the syn-to-real gap for the detection

and segmentation of humans in indoor environments. With its scalability, interactivity,

and high fidelity, GRADE accelerates the development of intelligent systems and lays

the groundwork for the advancements discussed in subsequent chapters.

On Dynamic Visual SLAM: Benchmarking, Challenges, and Pixels Building on

GRADE, Chapter 4 addresses a critical challenge in Visual SLAM: the inability of tra-

ditional systems to operate effectively in dynamic environments [14, 17, 191]. While V-

SLAM approaches have achieved significant success in static settings, their performance

deteriorates in the presence of moving objects or changing conditions. V-SLAM methods

rely on visual features, i.e. distinct regions or points that can be extracted from the image,

by matching them across frames to estimate camera motion. However, when these are

dynamic, they lead to optimization errors and unreliable camera trajectory estimations.

The classical way to address this issue involves feature rejection mechanisms typically

based on optical flow [83] or object detection and segmentation methods [17, 131]. Dy-

namic V-SLAM approaches are then often evaluated only on a limited number of datasets

that include dynamic elements. Therefore, we leverage GRADE and evaluate multi-

ple state-of-the-art V-SLAM methods in simulated dynamic environments to establish a

comprehensive benchmark. This highlighted the inability of these approaches to gen-

eralize across diverse environments with low trajectory errors and high tracking rates,

a metric rarely reported in the literature. Interestingly, we observe low tracking times

in real-world sequences as well. We believe these issues are a result of several factors.

First, class-based approaches overly reject features in crowded environments and focus

only on pre-determined classes. Moreover, hallucinations or noisy estimations can make

these methods fail. To confirm this hypothesis, we use the models trained in the previous
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section to re-evaluate the performance of the chosen Dynamic V-SLAM methods. With

this, we show how even the best-performing trained methods do not necessarily yield

the best SLAM metrics. Overall, these methods indiscriminately reject features without

considering their actual moving state. The intuition lies in the fact that humans, as op-

posed to state-of-the-art Dynamic V-SLAM systems, can intuitively distinguish between

static, moving, and potentially movable objects, continuously accounting for their vary-

ing motion dynamics. For instance, a parked car provides stable features that can be

used to estimate camera motion and should probably not be rejected by a SLAM system.

Inspired by this, we introduce DynaPix, a novel method that integrates per-pixel motion

probabilities into the ORB-SLAM2 [152] SLAM pipeline. By estimating the likelihood

of motion at each pixel, DynaPix enables more robust pose estimation and trajectory

optimization, even in highly dynamic environments. This pixel-level granularity allows

the system to selectively retain useful features, such as those from static or slow-moving

objects, while ignoring those likely to cause inconsistencies. The experimental evalua-

tion of DynaPix on both synthetic and real-world benchmarks demonstrates its superior

performance over existing state-of-the-art methods, particularly in crowded and dynamic

environments by significantly extending tracking time and reducing trajectory errors.

Finding and Posing Zebras from UAVs using Synthetic Data Chapter 5 builds upon

insights from previous chapters, focusing on the challenges of collecting and annotating

large datasets for perception tasks such as detection, segmentation, and pose estima-

tion, particularly in dynamic or out-of-distribution scenarios. Traditional approaches

rely heavily on manually labeled real-world data, which is often prohibitively costly,

time-intensive, and impractical for many applications, especially in rare or complex en-

vironments. While synthetic datasets are increasingly employed to address these chal-

lenges, they frequently suffer from unrealistic renderings or hallucinated backgrounds,

necessitating effective synthetic-to-real (syn-to-real) transfer techniques [59, 100, 119].

An example of such challenges is the detection and pose estimation of wild animals

like zebras. These tasks face significant obstacles due to the scarcity of annotated data

and the logistical difficulties of collecting it. Moreover, wildlife conservation efforts de-

mand minimally invasive methods to avoid disturbing animals, making unmanned aerial

vehicles (UAVs) a preferred tool for data collection and monitoring efforts. However,

the aerial perspective introduces unique challenges, as it differs significantly from the

ground-level viewpoints common in existing datasets. A consequence of this is that

available detection methods fail to work in this scenario due to the different data dis-

tribution. While manual annotation is possible, it is error-prone, time-consuming, and

impractical for large-scale applications. To address these obstacles, we leverage the ca-

pabilities of the GRADE framework by introducing ZebraPose, a novel synthetic-to-real

framework designed for top-down zebra detection and 2D pose estimation. Leveraging

YOLOv5 [102] and ViTPose [248], ZebraPose achieves accurate detection and pose es-

timation of zebras from aerial imagery, offering a groundbreaking solution for wildlife

monitoring. Notably, ZebraPose is the first framework to perform both top-down detec-

tion and pose estimation using only synthetic data, without relying on fine-tuning or style
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transfer techniques.

In summary, this research introduces key innovations to push intelligent systems closer

to the robust, flexible, and intuitive performance seen in human perception-action sys-

tems. The development of iRotate provides a framework for efficient exploration by

balancing long-term, short-term, and real-time objectives, enhancing the autonomous ex-

ploration of unknown environments. GRADE addresses the limitations of existing simu-

lation tools by offering a photorealistic and customizable framework for dynamic scene

generation, enabling realistic testing and synthetic data creation. The DynaPix method

improves Dynamic Visual SLAM performance by incorporating per-pixel motion prob-

abilities, leading to more accurate and reliable tracking in dynamic settings. Finally,

ZebraPose demonstrates the power of synthetic data in wildlife monitoring, achieving

high-quality zebra pose estimation using only synthetic data, and reducing the need for

costly and difficult real-world data collection. Together, these contributions advance

our understanding of intelligent system design and pave the way for more adaptable,

efficient, and scalable solutions in robotics, autonomous vehicles, and environmental

monitoring.

1.2.1 List of Publications

The contributions in this thesis mainly comprise work from the following publications.

Journal Papers

• Bonetto, E., Xu, C., and Ahmad, A. (2025). GRADE: Generating Realistic And

Dynamic Environments for Robotics Research. In Sage International Journal of

Robotics Research (IJRR);

• Bonetto, E., Goldschmid, P., Pabst, M., Black, M. J., and Ahmad, A. (2022). iRo-

tate: Active Visual SLAM for Omnidirectional Robots. In Elsevier Robotics and

Autonomous Systems (RAS), Volume 154;

Conference Papers

• Bonetto, E., and Ahmad, A. (2026). ZebraPose: Zebra Detection and Pose Estima-

tion using only Synthetic Data. In IEEE/CVF Winter Conference on Applications

of Computer Vision 2026 (WACV).

• Xu, C.⋆, Bonetto, E.⋆, and Ahmad, A. (2024). DynaPix SLAM: A Pixel-Based

Dynamic SLAM Approach. The first two authors contributed equally to this work.

In 2024 German Conference on Pattern Recognition (GCPR);

• Bonetto, E., and Ahmad, A. (2023). Synthetic Data-based Detection of Zebras in

Drone Imagery. In 2023 European Conference on Mobile Robots (ECMR);
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Workshop and Extended Abstracts

• Ahmad, A., Price, E., Goldschmid, P., Bonetto, E., Liu, Y., Khandelwal, P.,

Kerekes, V., Csoban, P. and Rubenstein, D. (2025). WildCap: Autonomous Non-

Invasive Monitoring of Animal Behavior and Motion. In 1st German Robotics

Conference 2025.

• Bonetto, E., Xu, C., and Ahmad, A. (2023). Simulation of Dynamic Environments

for SLAM. In 2023 IEEE International Conference on Robotics and Automation

(ICRA) — Workshop: Active Methods in Autonomous Navigation;

• Bonetto, E., Xu, C., and Ahmad, A. (2023). Learning from synthetic data gen-

erated with GRADE. In 2023 IEEE International Conference on Robotics and

Automation (ICRA) — Workshop: Pretraining for Robotics;

• Bonetto, E., Goldschmid, P., Black, M. J., Ahmad, A.(2021). Active Visual SLAM

with Independently Rotating Camera. In 2021 European Conference on Mobile

Robots (ECMR).

• Bonetto, E., and Ahmad, A. (2021) Towards Active Visual SLAM. In 2021

Deutsche Gesellschaft für Robotik (DGR days).

The following research was also conducted during the PhD, but is not covered by this

thesis:

• Saini, N., Bonetto, E., Price, E., Ahmad, A., Black, M. J. (2022). AirPose:

Multi-View Fusion Network for Aerial 3D Human Pose and Shape Estimation.

In Robotics and Automation Letters (RA-L), vol. 7, no. 2, pp. 4805-4812;

• Tallamraju, R., Saini, N., Bonetto, E., Pabst, M., Liu, Y. T., Black, M. J., Ahmad,

A. (2020). AirCapRL: Autonomous Aerial Human Motion Capture using Deep

Reinforcement Learning. In IEEE Robotics and Automation Letters (RA-L), vol.

5, no. 4, pp. 6678-6685.

1.3 Background

This section provides a concise overview of the fundamental concepts that underpin the

methods developed in this thesis. First, we briefly discuss the evolution of Simultaneous

Localization and Mapping (SLAM). We then cover essential topics in 2D and 3D vision,

visual odometry, and graph-based SLAM.
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1.3.1 Simultaneous Localization and Mapping

Simultaneous Localization and Mapping (SLAM) refers to the problem of enabling a

system to build a map of an unknown environment while simultaneously estimating its

position within that map [206]. Early approaches to it primarily relied on filtering-based

methods, such as the Extended Kalman Filter (EKF-SLAM [205, 222]) and particle fil-

ters (FastSLAM [148]), where the robot’s state and the map are represented probabilis-

tically, and updates are performed incrementally as new observations arrive. However,

these formulations often struggle with computational complexity. In the case of EKF-

SLAM, for example, the covariance matrix of all landmarks grows quadratically, making

real-time operation infeasible in large-scale environments [75, 209]. Particle filter-based

methods represent the robot’s belief as a set of sampled hypotheses, but remain sensitive

to dimensionality and often require numerous particles to maintain accuracy [48, 202].

Moreover, due to their incremental nature, the integration of delayed or out-of-sequence

measurements can be problematic, allowing them to (generally) estimate only the cur-

rent robot pose but not revisit and refine the previous ones, a process known as smooth-

ing [174, 222]. To solve these issues, graph-based formulations were introduced. As

explained in detail in Section 1.3.3, graph-based SLAM reframes the problem as an op-

timization and smoothing task rather than a sequential filtering process. However, while

this allows for both incremental updates and smoothing of the recent poses, optimizing

the whole graph in large scenes can be computationally expensive as all the edges in the

graph have to be updated. Different optimization techniques and approaches have been

developed to mitigate this, such as differentiating between the local and global optimiza-

tion steps [25, 152]. This, combined with the lower overall errors achieved through the

smoothing process, has made this technique a de facto standard.

As previously mentioned, various exteroceptive sensors can be used to perceive the

environment and construct a map representation. Among them, cameras stand out as

one of the most cost-effective and widely available options [50, 153]. They allow us to

estimate motion and reconstruct the environment using only image data via Visual SLAM

(V-SLAM) approaches. V-SLAM methods are generally divided into feature-based and

direct [1]. Feature-based approaches detect and track distinctive keypoints, or features,

across frames, using them as landmarks for motion estimation and place recognition.

These methods are computationally efficient and robust to illumination changes but may

struggle in textureless or dynamic environments [1,5]. In contrast, direct methods operate

on all the raw pixels by leveraging photometric consistencies. While direct methods

can perform well in low-texture regions, they are typically more sensitive to lighting

variations and computationally demanding [158]. Considering all these factors, graph-

based V-SLAM methods have become the most widely used SLAM approaches today.
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1.3.2 2D and 3D Vision

Since camera data plays a central role in V-SLAM, a solid understanding of 2D and 3D

vision is essential for developing accurate and robust visual perception systems. At the

core of any vision system is the 2D image — a matrix of pixel intensities representing

the scene as it is observed from a specific viewpoint. However, the world is inherently

three-dimensional, and understanding the geometry and imaging process allows us to

comprehend how the 3D structure of a scene falling within the field of view (FOV) of

the camera is then projected onto a 2D image plane [76, 217].

Different camera models can describe how this projection works. The pinhole camera

model is one of the most common and the one we will use throughout this thesis. In this

model, a 3D point Xw =
[
Xw Yw Zw

]⊤
in a global coordinate system is mapped to a

pixel p =
[
u v

]⊤
through a perspective projection. This is governed by the camera’s

intrinsic and extrinsic parameters, which define the relationship between the camera, the

world, and the captured image. For simplicity, here we assume a distortion-free model.

The intrinsic parameters characterize the internal properties of the camera and are

encapsulated in the calibration matrix K. This matrix transforms a point in camera coor-

dinates into normalized image coordinates, up to a scale factor. Its parameters include:

• Focal Length ( fx, fy): Defines the scale of projection along the image axes and is

typically expressed in pixels.

• Principal Point (cx,cy): The image coordinates where the optical axis intersects

the image plane.

• Skew Coefficient (s): Represents the angle between the image axes (often assumed

to be zero in modern cameras).

The intrinsic matrix is commonly represented as:

K =




fx s cx

0 fy cy

0 0 1


 . (1.1)

The extrinsic parameters, on the other hand, define the position and orientation of the

camera relative to the global coordinate system. These consist of:

• Rotation Matrix (R): A 3 × 3 orthonormal matrix that defines the orientation

of the camera relative to the global coordinate system. It satisfies the property

R⊤R = I, ensuring that rotations preserve distances.

• Translation Vector (t): A 3× 1 vector that specifies the camera’s position in the

world coordinate system.
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Together, the extrinsic parameters form the extrinsic transformation matrix, which is

used to project a point from the world coordinate system to the camera coordinate system

through:

Xc =




Xc

Yc

Zc


= RXw + t (1.2)

where Xc is the representation of Xw transformed in the camera frame.

We then use

p′ =




u′

v′

w′


= KXc (1.3)

to project camera frame coordinates Xc onto the image plane. By using homogeneous

coordinates P̃w =




Xw

Yw

Zw

1


, we can then write a unified equation:

p′ = K[R|t]P̃w. (1.4)

The final image coordinates p are obtained by normalizing p′ via:

u =
u′

w′
, v =

v′

w′
. (1.5)

Often, the whole process is indicated through:

π(C,Xw) = p (1.6)

where C is the camera pose and Xw the 3D point we are projecting to p = [u,v].

This perspective projection model is central to computer vision and SLAM, as it de-

fines how images encode depth and structure information. In SLAM, this can be used

to estimate both the camera motion, i.e. the evolution of the extrinsic parameters with

respect to an origin frame, and to infer the depth of the scene through the triangulation

of corresponding points between frames. However, trying to estimate both at the same

time using only images allows us to do so only up to an unknown scale factor.

Various techniques can be employed to resolve this ambiguity. Stereo cameras, for

instance, provide depth information by leveraging a known metric baseline between two

viewpoints, allowing depth estimation through disparity computation. Similarly, an Iner-

tial Measurement Unit (IMU) can provide metric scale information when integrated into

the system. Alternatively, depth sensors such as infrared-based structured light cameras

or LiDAR can directly capture depth measurements, enabling metric reconstructions.
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Visual Odometry

Visual Odometry (VO) is responsible for estimating the motion of the camera between

frames. The process typically involves identifying points of interest and tracking them

across frames. Such points are called features. To achieve robust feature tracking, var-

ious keypoint detectors and descriptors are employed, including ORB (Oriented FAST

and Rotated BRIEF) [185], SIFT (Scale-Invariant Feature Transform) [139], and SURF

(Speeded-Up Robust Features) [11]. ORB is widely used due to its efficiency and robust-

ness to illumination changes, while SIFT and SURF offer scale and rotation invariance

at the cost of higher computational complexity. Once features are detected, they are

matched across frames using appropriate distance metrics. These matched correspon-

dences enable the estimation of camera motion by solving epipolar constraints.

The transformation from a 3D point X and its 2D projection p on the image frame is

summarized by Equation (1.6). Given two consecutive frames, the geometric relation-

ship between corresponding image points is governed by the fundamental matrix [65]

F (for an uncalibrated camera) or the essential matrix [137] E (when intrinsic camera

parameters are known), satisfying the epipolar constraint:

pT
2 Ep1 = 0. (1.7)

By decomposing E using singular value decomposition (SVD), the relative camera mo-

tion, expressed as rotation R and translation t, can be recovered up to scale. Other

techniques, such as homography estimation, can be used as an alternative to epipolar

geometry, especially in planar scenes where the latter often fails.

Despite its effectiveness, Visual Odometry (VO) suffers from drift accumulation over

time, which leads to trajectory estimation errors. Furthermore, feature correspondences

become ambiguous when objects in the environment move or change, causing mis-

matches and additional inaccuracies in the estimated trajectory.

1.3.3 Graph-based V-SLAM

In the context of SLAM, we assume the system operates in an unknown environment. In

general, its trajectory up to the current time t is represented as:

x1:t = {x1,x2, . . . ,xt} (1.8)

where xi denotes the system’s state at time i. The state typically includes the position

and velocity of the system. For simplicity, the initial state x0 is often assumed to be at

the origin, i.e.

x0 = (0,0,0), (1.9)
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which serves as a reference frame for subsequent motion estimates. As the system moves,

it acquires odometry measurements:

u1:t = {u1,u2, . . . ,ut} (1.10)

and perceives the environment through observations:

z1:t = {z1,z2, . . . ,zt}. (1.11)

Using these inputs, the system incrementally builds a representation of the environ-

ment, denoted as q. The SLAM problem then consists of jointly estimating both the

system’s trajectory and the environment’s representation, given the acquired measure-

ments:

p(x1:t ,q | z1:t ,u1:t). (1.12)

V-SLAM methods primarily rely on images to perceive the environment and build a

map representation, but not necessarily to acquire odometry measurements. The odome-

try step often integrates multiple information sources, such as GPS, IMU, and VO, typi-

cally fused through EKF [202, 222]. However, some systems operate solely on VO. The

map in V-SLAM can take various forms, depending on the system’s needs and the envi-

ronment being mapped. It may be a dense representation, which captures detailed spatial

information, or just the set of features and landmarks, e.g. in SfM maps. Alternatively,

other forms like octomaps [88] or gridmaps [60] can be used, where the environment is

represented by cells, each containing information like the presence or absence of objects.

These different types of maps offer varying trade-offs between computational complex-

ity, memory usage, and accuracy, allowing V-SLAM systems to adapt to different sce-

narios [264]. In this thesis, we will mostly employ 2D gridmaps. Let M ⊂R
2 represent a

bounded 2D grid map of the environment, where for each cell m= [xm ym]
⊤ ∈M we have

an occupancy probability po(m) ∈ [0,1]. M can be then subdivided in unknown space,

Munk ⊂ M, and explored area, Mexp, given that Munk ∪Mexp = M and Munk ∩Mexp = ∅.

The cells in the explored area can then be classified as free (M f ree) or occupied (Mocc)

under the condition that M f ree ∪Mocc = Mexp, and set po(m) = 0.5 if m ∈ Munk. The

SLAM framework will process the input data and transition cells from the unknown

to the explored sets while updating occupancy probabilities to every cell belonging to

Mexp. Some cells of this map are then further identified as frontiers, i.e. cells located at

the boundaries between free and unknown spaces large enough for the robot to traverse.

These definitions can be expanded, without loss of generality, to 3D approaches.

Factor Graphs Optimization

Graph-based V-SLAM formulates the SLAM problem as a factor graph, where the sys-

tem maintains a set of camera poses and feature positions while optimizing their consis-

tency given available sensor constraints [202,222]. The SLAM system constructs a factor
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graph, where nodes correspond to camera poses and perception points. The edges in this

graph encode spatial constraints derived from sensor measurements, such as odometry

and feature-based correspondences. These constraints are modeled as probability distri-

butions that define the relationships between connected nodes. In this way, the system

can leverage Markov assumptions and employ graph-based optimization techniques.

Optimization in SLAM is further complicated by the fact that many variables of in-

terest do not live in Euclidean vector spaces but rather on differentiable manifolds. For

example, robot poses and landmark orientations are typically represented as elements

of the Lie groups SE(2) or SE(3). To handle this, modern SLAM formulations make

use of manifold optimization, employing minimal local parameterizations and retrac-

tions to map between the manifold and its tangent space [87]. This allows nonlinear

least-squares solvers such as Gauss–Newton or Levenberg–Marquardt to be applied con-

sistently to problems involving rotations and rigid-body transformations. Frameworks

such as g2o [113] and Ceres Solver [3] provide generic mechanisms for optimization

on manifolds. In practice, the optimization problem is formulated as a nonlinear least

squares problem, where the objective is to find the configuration of poses that minimizes

the accumulated error. This approach, commonly referred to as pose graph optimiza-

tion, primarily refines the trajectory and corrects the accumulated drift. If desired, this

approach can be used to optimize other observations as well, like planes, cuboids, or

features. Modern solvers such as g2o [113] and Ceres [3] have been widely adopted to

optimize these graphs efficiently, making large-scale mapping feasible. The optimization

problem is commonly defined as:

x∗ = argmin
x

C(x), (1.13)

where C(x) represents the cost function that quantifies the inconsistency between the

estimated states and the sensor constraints. In the case of vision-based SLAM, this er-

ror is often defined in terms of the reprojection error, which measures the discrepancy

between observed and predicted feature projections and is optimized through a Bundle

Adjustment (BA) algorithm. The cost function to be minimized is then:

C = ∑
i, j

ρ((pi j −π(xi,X j))
T
Ω

−1
i, j (pi j −π(xi,X j))

= ∑
i, j

ρ(eT
i, jΩ

−1
i, j ei, j),

(1.14)

where ei, j = (pi j −π(xi,X j)) is the reprojection error. Here, ρ is the cost function, e.g.

the Huber robust cost function, pi j is the observed 2D projection of the 3D point X j in

the i-th frame, and Ω is the covariance associated to the measurement. Note, however,

how dynamic scenes will also impact this step of a V-SLAM approach, in addition to the

aforementioned VO procedure. This is because the reprojection error might no longer be

computed over immovable features observed from multiple views.
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Graph-based optimization in V-SLAM typically combines local and global strategies

to balance computational efficiency and accuracy. Local optimization refines the most

recent camera poses in real-time to ensure consistency within a short temporal window.

Meanwhile, global optimization is triggered by specific events, such as loop closures,

which correct long-term drift and enforce global consistency. Local optimization thus

allows for on-line and real-time operations, while the system is not always blocked by

the global optimization step, which can be slow. Other techniques, like sub-map merging,

can also be applied to alleviate the computational complexity.

Loop Closure Detection

Loop closure events happen whenever the system recognizes in the currently sensed data

a previously visited location. Their detection plays a crucial role in mitigating drift as

the framework can use these events for enforcing consistency in the estimated trajectory

by matching the current pose with the old one and using that as a strong prior. In visual

SLAM they are often detected by leveraging visual features. To efficiently match visual

features across images and detect revisited scenes Bag-of-Words (BoW) [46] models are

commonly used. Once a loop closure is identified, global optimization is performed

to redistribute errors across the pose graph, significantly improving overall accuracy.

However, loop closures must be validated carefully, as incorrect matches can introduce

severe inconsistencies. To prevent erroneous updates, many SLAM systems reject loop

closures if the correction introduces excessive deviation from the current graph structure.

Clearly, moving objects and features might prevent loop closure from happening, as the

content of the frame will no longer match what was observed before.

Performance Metrics

Naturally, various evaluation metrics are employed to assess the accuracy and perfor-

mance of V-SLAM systems, ranging from trajectory estimation accuracy to map recon-

struction quality and robustness analysis. These metrics provide quantitative insights

into the effectiveness of a SLAM system under different conditions. One of the most

commonly used trajectory evaluation metrics is the Absolute Trajectory Error (ATE),

which measures the global accuracy of the estimated trajectory by comparing it against

the ground truth. Given N estimated camera (robot) poses t̂i and their corresponding

ground truth poses ti, ATE Root Mean Squared Error (RMSE) is computed as:

ATE =

√
1

N

N

∑
i=1

∥∥ti − t̂i

∥∥2
. (1.15)

A lower ATE value indicates a more accurate trajectory reconstruction and can also be

used to evaluate VO methods. Beyond trajectory accuracy, the quality of the recon-

structed map is another critical evaluation factor. The map completeness, for exam-
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ple, quantifies the proportion of the environment reconstructed and is often considered

alongside the normalized map entropy and balanced accuracy (BAC). Indeed, for each

explored location of a map m ∈ M obtained from a SLAM system (be that in 2D or 3D),

we can know if that cell is unexplored or occupied/free (and with which probability). If

we indicate this probability with po we can then define the cell entropy as:

H[m] =−(po(m) · log2(po(m))+(1− po(m)) · log2(1− po(m))). (1.16)

The entropy of the map is then defined as

Emap = ∑
m∈Mexp

H[m], (1.17)

and the normalized entropy as

Emap =
Emap

|Mexp|
. (1.18)

Naturally, as this is a metric of the final output, it is computed over the explored area.

Higher entropy values signify higher uncertainty in the reconstruction. Moreover, note

that this can be restricted without loss of generality to any arbitrary number of cells, e.g.

to compute the entropy of the observed area of the map. The balanced accuracy is instead

defined as the average of recall obtained on each class, i.e. occupied and free cells, and

is used to account for the imbalance between these two sets.
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Chapter 2 Human-like Autonomous Exploration

Active SLAM (A-SLAM) methods enable robots to simultaneously map and self-

localize in unknown environments by actively choosing actions that maximize informa-

tion gain. However, unlike humans, who dynamically shift their focus based on environ-

mental changes and task priorities, these methods fail to adapt their perception strategy

throughout the exploration process, resulting in inefficient information gathering. As

previously mentioned in Sections 1.1 and 1.2, state-of-the-art methods suffer from a crit-

ical limitation: they fail to consider the entirety of the exploration process and all actions

that will be or are being taken by the robot while moving toward the goal. By focus-

ing only on specific locations and time instants, while neglecting the information that

would be available throughout the process or its changing nature, they fail to maximize

and optimize information gain over the whole experiment’s duration. In practice, they

often overlook the continuous nature of exploration, leading to suboptimal planning and

inefficient use of sensor data.

To solve this, we present a novel Active SLAM method, iRotate, which leverages

vision-based perception for efficient autonomous exploration. iRotate introduces a multi-

layered active control strategy that continuously adjusts camera orientation to enhance

information gain (Section 2.5). The top layer selects informative goal locations and pre-

computes highly informative view directions. The subsequent layers instead actively re-

plan and refine the previously made choices while executing the trajectory itself, exploit-

ing the continuously updated map and local feature information. Our approach further

accounts for the presence of obstacles in the field of view and the robot’s own location

with respect to the goal through dedicated utility formulations.

Initially designed for omnidirectional robots, our method leverages their independent

translation and rotation control. Thus, we also introduce a novel independent rotational

joint to allow a simultaneous and decoupled rotational movement of the robot and the

camera. This also required a new state estimation technique (Section 2.4.3) to jointly

model the robot and camera states toward mitigating additional estimation uncertainties.

This enables optimal heading control without requiring the robot’s base rotation, extend-

ing our method to non-holonomic robots.

Through extensive simulations and real-world experiments, we demonstrate that iRo-

tate achieves comparable coverage to state-of-the-art methods while reducing map en-

tropy and energy consumption. Notably, it shortens the total traversed distance by up to

39% without increasing the wheels’ total rotational movement, despite the continuous

orientation changes. Furthermore, we show that our method generalizes effectively to

non-omnidirectional robots, expanding its applicability.

The chapter is structured as follows: we introduce the problem in Section 2.1, fol-

lowed by a discussion of the state-of-the-art in Section 2.2. The problem formulation

and notations are presented in Section 2.3. We then cover kinematic models and state es-

timation techniques in Section 2.4 and our iRotate framework in Section 2.5. Finally, we

present evaluation experiments in simulated and real world environments in Section 2.6

and conclude in Section 2.7.
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2.1 Active Visual SLAM

Mobile robots assisting humans in everyday tasks are increasingly present in workplaces

and homes. Examples include autonomous vacuum cleaners, lawnmowers, warehouse

transporters, and automated inspection or patrolling systems. These robots often operate

in new, unknown, and possibly changing environments, requiring them to both perceive

and adapt to their surroundings. To ensure robust operation in higher-level tasks like

navigation, obstacle avoidance, and environment interaction, they generally must possess

two key capabilities: i) self-localization and ii) real time environment mapping [202,222,

225]. While localization can rely on a prebuilt map, a robot encountering an environment

for the first time and without access to any prior information must perform both tasks

simultaneously using SLAM (Section 1.3.3). Moreover, once deployed, robots often still

need to perform SLAM continuously to account for environmental changes, refine maps,

and enhance localization robustness.

As discussed in Section 1.3, a widely adopted approach is V-SLAM [28], where cam-

eras are used to perceive the surroundings (Section 1.3.3). However, many V-SLAM

methods operate passively, e.g. [30, 50, 114, 148, 182]. This means that the robot fol-

lows predefined control inputs from an operator and merely builds a map while tracking

its location without any autonomous decision-making. However, to enable large-scale

deployment in diverse scenarios, the initial SLAM session must be efficient and unsu-

pervised, eliminating the need for human oversight. Active SLAM has then been intro-

duced to enable autonomous exploration and navigation in unknown environments while

concurrently constructing a map. The term “Active” signifies that the robot makes real-

time decisions about its movements and goals based on collected information, its current

state, and sensor readings, thereby optimizing map estimation, exploration speed, and

localization accuracy. The overarching goal of Active SLAM is to develop a framework

that enhances autonomous exploration while balancing speed and precision [38, 203].

Most Active SLAM algorithms follow a common workflow [28] – i) selection of mul-

tiple candidate goals, ii) path generation towards them, iii) computation of a utility value

for each, and iv) execution of the maximum utility one. Candidate goals can be either

simple reachable robot locations or full poses (position and heading) and are often found

alongside map frontiers, i.e. regions that lie between the explored and unexplored areas

of the environment, enabling long-term exploration strategies. Alternatively, methods

like receding horizon (RH) [157] or next-best-view (NBV) [107] planners, often referred

to as short-term approaches, seek goals in the vicinity of the current robot location and

immediately try to reach it [162]. For each goal, a utility is computed as a function of the

expected information gain, often using the number of unexplored cells or the estimated

map’s entropy predicted to be observed from the considered locations. However, RH

and NBV methods consider only the next pose and tend to result in incomplete explo-

rations, as the robots can end up in local minima [19, 162]. Frontier-based approaches

instead typically consider only the last reachable location to compute the process utili-

ties [136, 162], disregarding the totality of the movement that would bring the robot to
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Figure 2.1: Our omnidirectional robot actively maps a reconstructed office reception area.

that position. Moreover, the camera’s orientation in the final goal position is usually

not optimized to maximize the information gain but is just the result of the interpolated

output of the used path planning method. Exceptions like [47, 193], integrate this op-

timization only in the last reachable location, without considering the full extent of the

path the robot would take to achieve that.

In this chapter, we focus on the autonomous exploration of indoor environments us-

ing an unmanned ground vehicle (UGV). We propose a novel Active SLAM method

that leverages a camera to perceive the robot’s surroundings. Our approach is inspired

by a key observation: humans naturally turn their heads and eyes toward areas of in-

terest while navigating — whether to avoid nearby obstacles, focus on long-term des-

tinations, or study and memorize their surroundings. Similarly, a robot can actively

control its camera heading during path execution to maximize environmental coverage.

This includes observing previously unseen areas and refining already explored regions.

By actively optimizing coverage, the robot can accelerate information acquisition and

reduce overall map uncertainty more efficiently. We hypothesize that this strategy sig-

nificantly decreases the total distance required for environment mapping, as confirmed

by our experimental results. A shorter travel distance directly translates to lower energy

consumption and increased operational autonomy—critical factors in many applications.

Furthermore, this active behavior should extend to the planning phase, ensuring that the

system evaluates the total utility of each potential path before execution.

Building on our insights, we propose a novel Active V-SLAM method comprising

three layers of activeness:

1. The paths toward available goals, i.e. a set of frontier points, are divided into

equally spaced waypoints. At each waypoint, the optimal heading direction to

maximize a utility function is computed while considering subsequent frustum

overlaps between them. Therefore, we can understand and exploit all the informa-
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tion contained in the map before performing any movement (see Section 2.5.3).

This allows us to have a long-term planning factor in our method.

2. While executing the chosen path, selected based on the total foreseen utility, an

intermediate refinement is done every time a waypoint is reached. Going beyond

simple sampling performed in classical NBV/RH techniques, we recompute the

next waypoint’s optimal heading based on the updated occupancy map. This al-

lows us to dynamically account for variations in the map entropy and new infor-

mation coming, for example, from loop closure events or the robot’s movements

(see Section 2.5.5).

3. Finally, we continuously refine the desired orientation of the camera using a

weighting function between the previously selected optimal heading and the real

time 3D features distribution. This increases the visibility of the features to help

loop closure events while the robot moves between waypoints, incorporating in the

system the real time information perceived by the robot (see Section 2.5.6).

We also introduce and experimentally compare three variations of the utility function,

primarily based on the Shannon entropy formulation (Equation (1.16)). These variations

refine how the robot selects actions by improving waypoint evaluation, incorporating ob-

stacle awareness, and balancing exploration with re-observation, ensuring a continuously

optimized mapping process. First, we use a weighted average between waypoints’ util-

ities instead of a classic weighted sum. Second, we explicitly account for the presence

of obstacles in the field of view (FOV). Third, we propose a balance between the explo-

ration and re-observation behaviors of the robot. This allows us to differently balance the

two main aspects in Active V-SLAM, i.e. the exploration and the refinement. Overall,

our Active V-SLAM approach is active and continuously optimized throughout the entire

mapping process, rather than at fixed intervals.

We first implement our method using an omnidirectional platform, which allows si-

multaneous rotational and translational movements. This flexibility enables our con-

tinuous control of the camera heading without it being constrained by holonomic or

non-holonomic limitations. However, this design restricts the applicability of our frame-

work to such platforms. Indeed, as commonly done, our camera is rigidly attached to the

robot’s body, allowing us to keep the relative transformation between the camera’s optical

center and the robot frame constant. However, this also introduces several drawbacks.

First, it reduces the robot’s freedom of movement. For non-omnidirectional vehicles,

when a final specific orientation is desired, a fixed camera pose can increase time and en-

ergy consumption, as the robot must rotate in place or follow longer trajectories to adjust

its viewpoint direction. This challenge affects not only iRotate but also other best-view

planners like [157], as the platform’s motion constraints influence trajectory planning.

Second, robots typically have low rotational velocities and accelerations due to safety

constraints, which prevent collisions and instability. This limitation slows camera reori-

entation when it depends entirely on the robot’s movement. Third, moving the entire
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Figure 2.2: Our robot platform – Festo Didactic’s Robotino with additional structure and

hardware. Real robot (left), Gazebo model (right).

robot to adjust the camera view consumes significantly more energy than rotating only

a lightweight camera on a small joint. This inefficiency becomes particularly relevant in

energy-constrained applications.

Therefore, to adapt iRotate to semi-1 and non-holonomic2 platforms, we propose a

new hardware system to allow independent control of the orientations of both the camera

and the robot. This is achieved through a limitless rotating joint placed at the robot’s

top, over which we fix the camera itself. In practice, we are introducing an additional

degree of freedom, increasing our flexibility in the mapping and control steps. However,

this joint will also affect the overall performance of the SLAM system, as the relative

orientation between the robot and the camera will be approximated and a source of es-

timation errors. Methods that utilize similar approaches usually disregard this problem

and either assume continuous perfect calibration, use high-end encoders3, or ignore the

correlation between the two systems. These assumptions are both usually costly and

not always achievable or verifiable throughout the whole experiment, e.g. even a small

collision might affect the calibration between the camera and the platform. Instead, we

express the camera orientation with respect to the robot’s base through an estimate and an

uncertainty value and then combine the camera and the robot’s pose estimates in a unified

representation. This is then provided to the Active SLAM framework itself, enabling us

to include all the information with the corresponding uncertainty without modifying the

underlying system, thus keeping our method independent of it.

1In this context, can move forward, backward, and sideways but rotate only in-place.
2Can only move forward or backward while turning but cannot move sideways.
3Devices that measure and provide feedback on the motor’s position and speed.
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Therefore, alongside the iRotate Active SLAM framework, we also:

1. Introduce a novel hardware architecture to address the aforementioned restrictions

of having a fixed relative camera orientation.

2. Propose a novel state estimate formulation for this hardware architecture, to lower

estimation errors and increase SLAM performance.

3. Expand iRotate to different semi- and non-holonomic platforms without any loss

in performance while also resulting in more accurate maps and reduced energy

consumption when applied to the omnidirectional one, thanks to the combined

base-camera movements.

We validate our approach through both simulation and real-world experiments using

the Festo Didactic Robotino (Figure 2.1 and Figure 2.2), a three-wheeled omnidirectional

robot equipped with an onboard RGB-D camera and computational units. The indepen-

dently rotating camera joint is controlled via a single low-cost incremental encoder. All

experiments are conducted in consistent simulation environments, using the same base

robot platform and parameters. Our results demonstrate that our method achieves com-

parable coverage to state-of-the-art approaches while significantly reducing overall map

entropy. Notably, our approach reduces the traversed distance by up to 39% compared

to other methods without increasing the total wheel rotations. The decoupled move-

ment of the robot and camera further minimizes both wheel rotations and overall robot

motion, leading to lower mapping uncertainty and reduced energy consumption while

maintaining higher accuracy. Furthermore, our method generalizes to different robotic

platforms, including holonomic (non-omnidirectional) and non-holonomic robots, with-

out performance degradation. Code and implementation details are openly available

at https://github.com/eliabntt/active_v_slam.

2.2 Related Works

2.2.1 Goals Selection and Active Control

Active SLAM algorithms aim to balance the autonomous exploration of new regions with

the exploitation of previously acquired information, thereby reducing overall map uncer-

tainty [33, 136, 203]. Selecting optimal goals is a critical step in Active SLAM, directly

influencing the efficiency and effectiveness of exploration. State-of-the-art approaches

often find them alongside frontiers [33,47,227,249], seeking fast long-term exploration.

Others, like [193] and [228], rely on persistent randomized rapidly exploring random

tree (RRT) structures combined with short-term NBV or RH approaches. In [40, 116],

the robot instead chooses the next set of actions based on the current global state using

some randomly placed attraction particle. The final goal can be taken as-is or further op-

timized by using, for example, random sampling (as in [157]). In V-SLAM, the optimal
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robot orientation for each nearby candidate pose [193] can be instead computed to im-

prove the information observed by the camera. This optimization of the final goal can be

combined either with long-term planning strategies, as in [47], or in an RH fashion where

the chosen location will be reached immediately, like in RH-NBV planners [157, 193].

However, for RH approaches, there is a risk of getting stuck in the vicinity of a location

in local minima. As a consequence, they often fail to explore the environment if the

system is not carefully designed [136,195] due to the local scope of these methods. Fur-

thermore, when focusing on frontiers, as with iRotate, the path toward the final goal is

typically not optimized or even considered toward the choice of the most informative fi-

nal location. Moreover, the chosen goal remains fixed irrespective of what happens while

the robot is reaching it [47]. Yet, the continuous refinement and information collection

carried out by the SLAM framework and loop closure events might substantially impact

and drastically change the condition under which the initial goal was selected. Therefore,

blindly reaching the selected goal without considering the path toward it, or any further

optimization or update step, might be inefficient. This can be solved, for example, by

continuously re-updating the gains only of nearby reachable goals and saving them on a

persistent tree, as proposed by Schmid et al. [193]. However, this is a costly operation.

Different from Schmid and other previous approaches, we propose a more flexible and

adaptive approach by separating the heading computation into three distinct time scales:

one long-term at the global path level, one short-term for the next reachable waypoint,

and one in real time. Unlike previous methods, we follow a frontier-based exploration

approach while combining it with ideas from RH and NBV techniques, thus benefiting

from their specific characteristics. Initially, we find candidate frontiers, compute paths

toward them, and pre-optimize the robot orientation along some waypoints along these

paths using our utility formulation. This ensures that the camera headings for both i) each

waypoint and ii) the final goal are pre-computed to maximize the predicted information

gain. This results in a long sequence of NBV-like checkpoints that allows us to compute

the overall utility of each possible path. Once complete, the best path is selected based

on the total utility, and the robot can start to move. This constitutes our first active level

(Section 2.5.3). During the execution of the chosen sequence of waypoints, which will

remain fixed, we then apply a refinement similar to RH techniques. For each subsequent

waypoint, to ensure a constant adaptation to the newly obtained information, we re-

optimized the heading using the same utility function used in the previous steps in our

second active level (Section 2.5.5). Therefore, we combine the benefits of NBV planners

(path heading optimization), RH techniques (next viewpoint optimization), and frontier-

based exploration (long-term goal).

Finally, real time features and landmark following have been widely studied since the

seminal work of Davison et al. [49]. Tracking those elements is often an effective way

to help visual odometry systems and/or the (re)localization steps in SLAM methods.

This is usually enforced either through an external independent component as in [68], or

integrally in the optimization method as in [116]. In contrast, we do not directly consider

the effect of keeping the features within the field of view, nor do we use previously
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observed features. Instead, we influence the real time desired camera orientation based

on the latest features distribution and the computed optimal heading of the next waypoint.

Our key insight is that we can increase the robustness ‘blindly’ by balancing both the

feature tracking and the information gained within the system — all in real time in our

third active level (Section 2.5.6).

2.2.2 Goal and Path Utility Computation

Computing the utility for all points along all available paths toward all available goals

is usually computationally intractable. Moreover, as shown in [28, 208], an accurate

method to simulate uncertainty evolution and loop closures to precisely predict the in-

formation gain remains to be found. This challenge is due to the multitude of effects that

act simultaneously in a SLAM framework, such as relocalization events, newly discov-

ered obstacles, imprecise robot control, or unforeseen drifts. Therefore, approximations

need to be introduced like in [33, 157, 228] where the will-be-observed unexplored cells

or the current map entropy are directly used as utility value to predict the information

gain. As previously said, the goal that carries the highest score is to be selected as the

current iteration objective. This total utility is usually computed as a linear combination

of several metrics [28, 162] applied to the subsampled path’s waypoints4. These metrics

usually include factors like map consistency, future observed entropy, path length, and

approximate robot state uncertainty. The balance between exploration and exploitation

is then either performed implicitly within the utility formulation [33] or based on some

hand-crafted heuristics and threshold values [40, 116]. Due to the inherent difficulty of

accurately computing uncertainty evolution within a graph-based SLAM framework, and

like previous approaches [157], we utilize the available map information to calculate the

utility of each location, while discounting it for the distance that the robot would need to

travel to reach it.

To compute map-based information-gain metrics, different functions have been pro-

posed using Shannon [47] and Rényi [33] entropy formulations, the exploration vol-

ume [19, 195], or the quality of observations [193]. The one used in iRotate is based

on the Shannon entropy (Equation (1.16)). For each candidate location and orientation,

we compute the predicted information gain by evaluating the portion of the 2D grid map

observed by the camera. Notably, visual features essential for loop closures and local-

ization often cluster near obstacles. These areas are typically harder to map than free

space, making their observation more valuable. Additionally, the relevance of exploring

new areas versus refining previously mapped ones depends on the robot’s distance from

the frontier—exploration becomes less critical as the robot moves farther from the fron-

tier, and vice versa. To dynamically balance this trade-off, in Section 2.5.2, we propose

and evaluate two additional utility formulations: one based on the presence of obstacles

within the FOV and another that accounts for the robot’s position relative to the final goal.

4Each path has at least one: the final goal.
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Moreover, unlike previous approaches such as [47, 227], which consider only the final

waypoint, we incorporate the contribution of every waypoint along the path, following

the insights from [157,228]. However, while these methods typically rely on interpolated

trajectories or sampled orientations, our approach first evaluates the full 360-degree ori-

entation span at each waypoint, selects the optimal orientation considering the frustum

overlaps, and then computes the final path utility, thus ensuring a more comprehensive

assessment. Finally, although the distance between the starting position and each way-

point is commonly used to estimate control-related uncertainty, a simple weighted sum of

utilities may not adequately reflect the overall path contribution. Such an approach risks

overemphasizing isolated score peaks instead of capturing the cumulative impact of the

entire trajectory. To overcome this limitation, we introduce and evaluate a weighted av-

erage formulation that better represents the aggregated contribution of every step along

the path.

2.2.3 Independent Robot-Camera Movement

Notably, the concept of optimizing the camera orientation has been used in many sce-

narios such as person tracking and surveillance [32, 52, 94], NBV planning and Active

SLAM [47, 68, 193], 3D reconstruction [161] and others. Nonetheless, despite the clear

advantages that controlling the camera’s direction brings, existing approaches typically

lack one or more of the following key aspects: (i) independent camera orientation with

respect to the robotic platform, (ii) simultaneous control of robot and camera move-

ments, and (iii) consideration of the uncertainty introduced by estimating the camera’s

gaze. In the simplest case, a camera freely moving in the 3D space can be considered

as the ‘robotic’ system itself, e.g. [32, 52], where the pan-tilt movement made by the

camera is performed from a fixed global location. In those, even if the pan-tilt(-zoom)

system of the camera is actively controlled, there is no other movement involved. Other

approaches, like [257], utilize the pan-tilt unit only during the system’s calibration. After

that, i.e. while the robot is moving and localizing itself, the camera orientation is fixed

at all times. A notable exception is [161], where the authors propose a system of two

RGB pan-tilt units used to gather only the color information for a 3D reconstruction sys-

tem. In this study, the cameras can also reach only a set of pre-defined poses. Their use

of high-accuracy encoders ensures precise and repeatable movements that are, however,

lacking any form of real activeness, SLAM capabilities, or simultaneous control of the

robot and the camera movements.

Most (Active) V-SLAM approaches rely upon static cameras attached to the robotic

system. Thus, even if an active heading control is employed, it is the robot that rotates

and not the camera. For example, we initially leverage the omnidirectional capabili-

ties of a three-wheeled ground vehicle, while in [157], the high mobility of an aerial

drone is exploited to compute informative headings. While alternative solutions might

be considered, such as omnidirectional cameras, camera arrays, or dedicated rotational

mechanisms, each presents inherent challenges that can hinder performance. For ex-
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ample, camera arrays suffer from synchronization, calibration, and alignment problems.

Omnidirectional/fisheye cameras introduce distortion, are not well suited for indoor en-

vironments, and usually lack the presence of a corresponding depth sensor [34]. In this

context, it was the seminal work by Davison [49] that pioneered active feature tracking in

SLAM by using one of the first independent rotating heading mechanisms. This and sub-

sequent SLAM methods based on the work of Davison focus on the features’ tracking to

reduce localization uncertainty applied to hand-held cameras. In contrast, the camera in

iRotate is not used to track features ‘passively’, but lies within an Active SLAM frame-

work that continuously optimizes viewpoints towards not only improving localization

but also mapping quality and exploration. Fintrop et al. in [68] propose an actual active

gaze control for SLAM using artificial landmarks but do not introduce either a full Ac-

tive SLAM approach or a connection between the camera and the robot’s state estimates.

Similarly to us, Manderson et al. [142] actively control the gaze of the system. How-

ever, the navigation is not performed autonomously but by an external operator while the

state estimation is done only for the camera frame. Both of these methods are thus more

related to an active control of the camera, rather than being fully-fledged Active SLAM

approaches. Even [128], where the camera system is controlled separately with respect

to the robot, gaze prediction is agnostic about the robot’s movements and uses a greedy

policy in the control, therefore lacking any link between the two and almost performing

the two tasks separately.

To overcome this limitation and make iRotate working across different platforms, we

introduce an independent camera rotational joint that decouples the camera’s viewpoint

optimization from the robot’s navigation. This design allows the camera and the robot to

rotate independently, enhancing both flexibility and scalability. Moreover, unlike Davi-

son’s work, which assumes known transformation matrices between the cameras and the

robot, our method continuously estimates these transformations, ensuring greater adapt-

ability. However, dedicated rotating hardware usually lacks the necessary precision to

achieve reliable extrinsic calibration, leading to inaccuracies in the estimated camera

pose. This, in turn, affects the alignment between the camera, the robot base, and the

generated map, ultimately degrading mapping accuracy due to inaccurate reprojections.

Additionally, the rotation mechanism itself introduces control challenges, such as me-

chanical drift and latency, further complicating precise localization and map consistency.

More advanced systems involving independent and simultaneous camera control are of-

ten found in humanoid robotics, as shown in [144], where the pan-tilt motion of the head-

mounted camera aids localization and target tracking. However, these approaches also do

not explicitly account for the coupling between the robot’s navigation and the camera’s

orientation. In such cases, the camera, rather than the entire robotic platform, remains the

primary focus within a partially known environment, becoming the device with respect

to which the map is being built, as opposed to the robot itself. Here, we address this lim-

itation by introducing a novel state estimation method, as described in Section 2.4.3, to

consider the effects that both robots and camera rotations have. We further hypothesize

that, by allowing the independent camera rotation, the system will be capable of balanc-
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ing the movement of both the robot and the independent rotational joint more efficiently.

This is important since a lower rotational movement of the wheels translates into less

energy that has to be used to move the robotic platform, improving energy efficiency.

Ultimately, to the best of our knowledge, there was no method at the time combining

a full Active SLAM approach with an active camera movement independently of the

robotic platform and considering the system as a whole as we do.

2.2.4 Learning-based Active SLAM

In recent times, learning applied to SLAM has gained momentum. Several methods ap-

plying deep learning and deep reinforcement learning emerged, like [37,118,239]. Some

of those apply to learning both the SLAM backend and to the Active SLAM procedure

itself [37]. Others, like [118, 239], instead build on top of already deployed SLAM

frameworks, e.g. EKF-SLAM. However, works based on RL approaches usually limit

the applicability to different robotic platforms. In general, comparing these approaches

is hard. Every RL agent is trained over specific traits, including, but not limited to, plat-

form constraints (e.g. in the velocity space) and different sensor sets and ranges (e.g.

using 2D LiDAR for mapping). Moreover, changing the SLAM framework responsible

for building the map might harm the system itself due to the different distribution of

the extracted information. Therefore, a comparison with these methods would be unfair

since any observed difference in the performance would not be linked to the method itself

but possibly to many factors (e.g. learning procedure, constraints, control parameters).

2.3 Problem Description and Notations

Let there be a ground omnidirectional robot, traversing on a 2D plane a 3D static en-

vironment, whose pose is in the local frame is given by xR = [xR yR θR]
⊤ and velocity

by ẋR = [ẋR ẏR θ̇R]
⊤. With xG = [xG yG θG]

⊤ and ẋG, we indicate the robot’s position

and velocity in the global frame. Let the robot be equipped with an RGB-D camera with

an associated maximum sensing distance δthr and horizontal field of view (H-FOV), a

2D laser range finder (LRF), and an IMU. The robot runs a V-SLAM method online and

in real-time, constructing a 3D representation of the world which is then projected to

a 2D probability grid map. The robot’s goal is to quickly, efficiently (i.e. with mini-

mal energy consumption or traveled distance), and autonomously map all the observable

points in Munk as free or occupied. We assume that the robot begins exploration from

a collision-free state. Building on the definitions we introduced in Section 1.3.3, all

map cells belong to Munk at the beginning of the experiment. The problem is considered

solved when the Mocc ∪M f ree ∪Mhid = M is verified, where we define Mhid as the space

that cannot be mapped, for example, unreachable locations. The robot must also keep

the map’s uncertainty as low as possible and have a final low trajectory error.
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At any given time instant, the robot’s state, map state, the set of observed visual fea-

tures, and the graph G of previously visited locations generated by the V-SLAM backend

are available to the robot. A node n = [x y θ ]⊤ ∈ G is defined by its coordinates in the

map frame and by the orientation of the robot. While solving this problem, the robot

must also be able to avoid collisions. Global and local path planning steps have to be

performed without any knowledge of the environment or any landmarks in it.

We first propose an Active V-SLAM approach to solve the above-described mapping

problem. The crux of our approach is to explore the environment by generating and

executing paths that maximize information acquisition by the robot’s sensors. More

precisely, at a given instant, the robot i) identifies a suitable exploration goal position

given by xE = [xE yE θE ]
⊤, ii) based on the so-far acquired information up to that instant,

generates a collision-free path, which consists of contiguous poses σ = {xR, ...,xE}, with

maximum possible future information gain, and iii) executes the path by continuously

re-planning its heading direction to incorporate all acquired information along the way

and keep in its FOV as many visual features as possible. The exploration is considered

concluded after a certain amount of time expires, as the robot is unaware of the total

amount of area to be explored. Here, we use Shannon entropy as a measure of the map’s

uncertainty (see Equation (1.17)).

To enable the independent rotation, the camera is then mounted on a new joint that

allows a full 360◦ independent rotation along the robot’s z-axis, i.e. it has independent

pan movement. We denote the orientation of the camera with respect to the robot as γR
C

and its rotational velocity as γ̇R
C . Therefore, the orientation of the camera with respect

to the world frame is ψ = θG + γR
C and its velocity is ψ̇ = θ̇G + γ̇R

C . When the camera

is mounted in such a joint, we also equip the robot with an additional IMU unit. One

of the IMUs will be attached to the camera, while one will be fixed on the robot’s base.

The goal then is to use the camera’s independent rotation to allow a simultaneous turn

of both the camera and the robot to reduce the overall energy consumption, thanks to

the increased freedom of movement. As previously said, with this approach, we seek to

apply our Active SLAM method, i.e. iRotate to different, non-omnidirectional, robotic

platforms, achieving, at least, comparable performance. Finally, we will study the effect

that the merging of the estimation of the camera and the robot poses has, seeking bet-

ter performance in terms of the final map’s entropy, accuracy, and trajectory error with

respect to the corresponding non-combined alternative.

2.4 Kinematic Models and Uncertainty

2.4.1 The Robot Platform

Our robot, a Festo Didactic’s Robotino 1 (Figure 2.2), has a 3-wheel omnidirectional

drive base. We augmented the robot hardware with an extended physical structure con-

taining the Hokuyo A2M8 2D Laser Range Finder (LRF), an RGB-D camera with an
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embedded IMU (Intel RealSense D435i), and a single-board computer (Intel® Core™

i7-3612QE CPU @ 2.10GHz). For the non-omnidirectional trials, besides the rotational

hardware to control the rotational joint and the encoder, an additional IMU unit was at-

tached to the robot base near the central rotation axis. A virtual model of the same robot

was created for the simulation experiments (Figure 2.2 right).

2.4.2 Kinematic Description

In a three-wheeled robot, we can identify a distance D between the center of the robot

and each wheel. The radius of the wheel is depicted with r, and the angular position of

the wheel can be defined with αi = i · 2
3
π with i ∈ [0,1,2], as they are equally spaced.

With this information, the kinematic model can be obtained. TR represents the rotation

matrix between the global and the local frame of the robot:

TR =




cos(θG) sin(θG) 0

−sin(θG) cos(θG) 0

0 0 1


 . (2.1)

Moreover, SL denotes the static transformation from the robot’s frame to each wheel:

SL =



−sin(α0) cos(α0) D

−sin(α1) cos(α1) D

−sin(α2) cos(α2) D


 . (2.2)

The wheel velocities ω = [ω1,ω2,ω3] can be obtained with the following nonlinear

relationship:

ω = GRR ·SL ·TR · ẋG, (2.3)

where GRR is the gear reduction ratio matrix, i.e. a 3x3 diagonal matrix whose diagonal

elements are all (wheel radius)−1. This thus represents the full kinematic description of

our omnidirectional robot.

With the introduction of an independent rotating joint usable to control the camera

orientation, we create an additional degree of freedom. Then, by being γ̇G the rotational

velocity of the camera with respect to the robot in the global frame, we can control the

system with ẋ
′

G = [ẋG, ẏG, θ̇G, γ̇G]
T and modify the just introduced matrices as follows.

T
′

R =




0

TR 0

0

0 0 1 1


 , (2.4)

The last row links together the robot’s and camera’s rotations. Indeed, when the robot

performs a rotation, that movement is transferred to the camera through the joint.
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In both SL and GRR, the differences are minimal. Indeed, with

S
′

L =




0

SL 0

0

0 0 0 1


 (2.5)

there is no transformation needed since the camera does not contribute to the robot’s

base movements. GRR′ only introduces an element on the diagonal matrix for the cor-

responding gear ratio.

Thus, we can define our system with

ω ′ = GRR
′
·S

′

L ·T
′

R · ẋ
′

G (2.6)

We assume that no ground truth data is available at any time. For the robot’s pose

estimate, we use a sensor fusion method based on EKF [149] to obtain position and ve-

locity along with their uncertainty. It is obtained by using ICP odometry [164], the IMU,

and the wheel’s odometry with an a-periodic refinement provided by the loop closures

events, which is used only for the x,y components for stability reasons. This estimate is

then used within the V-SLAM system without any further modification.

2.4.3 Merging State Estimates

Once we introduce the independent rotational joint, we need to disambiguate between

the orientation of the camera and the orientation of the robot itself, as the two are linked

but independent. Toward this end, we introduce an additional IMU unit alongside the

encoder attached to the joint itself. The two IMUs are placed respectively on the camera

and the robot base. The IMU attached to the base of the robot will detect only the

rotational movements of the robot, while the camera one has no way to distinguish what

is turning. Since for the camera’s state estimation, we are interested in the relative yaw

with respect to the robot’s base, we cannot use either of the two IMUs directly. Therefore,

we first time-synchronize the two IMU sources and compute the instantaneous relative

measurements. We do not assume any alignment between the two IMUs. Note that, by

being both IMUs rigidly attached to the robot’s body, any translation offset that is there

does not affect the angular velocity measured by them. Indeed, one would only need to

account for the relative orientation of the two, which is assumed to be constant. The error

of these measurements is not taken as the plain sum of variances, which would be rather

low, but fixed at 0.01. This is because we recognize that perfect synchronization is not

usually possible, and IMUs will suffer drift and possibly have spikes in their readings.

The computed ‘differential’ IMU is then fused in a second EKF-based estimator with the

encoder measurements, successfully obtaining an estimate of the relative orientation of

the camera with respect to the base of the robot.
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The SLAM framework is designed to use only the robot’s pose and uncertainty within

the built graph, while the camera relative pose is taken as a ground truth transformation

by the system. In other words, it is not possible to account for both the robot and the

camera’s uncertainties. While this is not a problem whenever the camera is statically

fixed, the independent joint rotation will continuously vary this transformation. Never-

theless, we propose a novel solution to this problem. Instead of considering the camera

and the robot as separate entities, we merge the two state estimates at any time instant. In

this, the position estimate is exactly the one obtained before, while the orientation is ob-

tained through the sum of both the camera and robot’s yaw estimates. The same applies

to velocities. This state estimate can be indicated by xsum = [xG,yG,ψ] with the corre-

sponding velocity ẋsum while the overall variance is computed as the sum of the singular

ones and can be directly used within any SLAM framework without any modification. In

this way, we successfully account for the uncertainty introduced by the camera’s inde-

pendent movement. In the next sections, we will use θ to represent the heading; however,

it can be substituted with ψ to denote the equivalent orientation parameter without loss

of generality.

2.5 Our Active SLAM Approach

In this section, we thoroughly describe our Active SLAM framework, which we named

iRotate. Following the workflow of a Active SLAM method, we first describe our goal

selection strategy in Section 2.5.1 and formulate how we compute the utility attainable

from a given location and orientation in Section 2.5.2. Following these introductory

sections, we introduce how we compute, refine, and select the best global paths towards

those goals in Section 2.5.3, i.e. our first active level. The next step in our framework is

to carry out the selected path through local planning and execution Section 2.5.4, with

the introduction of the second Section 2.5.5 and third Section 2.5.6 active levels carrying

out, respectively, the RH-like heading update and online refinement. Finally, we describe

the finite state machine (FSM) that manages the integration between all these modules

in Section 2.5.7.

2.5.1 Goal Selection Strategy

Reachable frontier map cells are the ones located on the edge between the explored and

unexplored spaces, have no obstacles in the neighboring cells, belong to a region big

enough for the robot to traverse, and for which there exists a traversable path connecting

them with the current robot location. For each set of frontier cells, we need to extract a

candidate goal. For this, we use the frontier extraction algorithm from [141] and modify

it in the following way. At first, frontier clusters are identified. Next, candidate goal

locations are selected at the centroids of those clusters. If a centroid is not reachable, a

greedy search is performed in its proximity to identify the next reachable frontier cell in
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that cluster. These are then marked as possible candidate goals. Further, if any of the

candidate goals was the selected goal of the previous iteration, it is discarded, assuming

it was unreachable. We then generate paths toward the remaining candidate goals, pre-

optimize the camera headings, and compute their overall utilities using our first active

layer. Indeed, contrary to other works, we do not select the closest frontier nor the one

with the singular highest obtainable utility. Instead, the final goal position is associated

with the path with maximum utility considering all the available candidates after the

optimization.

Further, different from the most common approach for frontier-based autonomous ex-

ploration, we do not consider the task complete if frontiers are not available [33,47,136,

249]. In such cases, our robot either does a complete in-place rotation or tries to move to

a randomly picked previously visited location, until the allotted time for the experiment

has elapsed. This allows the robot to refine the map, activate new loop closures, and,

eventually, ‘enable’ new frontiers. The robot will reach the selected goal with newly

generated paths, i.e. not necessarily tracking back its previous movements, while still

actively mapping the environment using all the activeness levels presented later. This

selection is completely random as we do not search for high-entropy, feature-rich areas,

or known old loop closure locations. We consider this a good trade-off between stopping

the exploration and manually selecting a goal. While the described strategy is similar

to what is employed in [208], the work of Stachniss et al. presents several differences.

Indeed, they consider these alternative actions while performing explorations, believe the

mapping uncertainty is minimal when no unknown areas are left, and terminate the ex-

periment as soon as no gain is expected in the pose uncertainty. Differently, we recognize

that the uncertainty is not given to be minimal in such situations, and new frontiers might

be found after, for example, a loop closure or a refinement of a map portion. Moreover,

forcibly selecting previously found loop closures might also result in an overall drifting

or falling into local optima if not carefully tuned [28]. Another approach might be select-

ing only high entropy areas. However, in such cases, the system might suffer excessive

drift or may not even be able to reach the goal locations at all, e.g. when placed in a

tight spot. Moreover, since we try to reduce the entropy of the map by continuously con-

trolling the heading of the robot with our three active levels, high-entropy areas might

be directly covered while following the random objective. Finally, different from [116]

and similar related works, we do not have any other behavior implemented that acts con-

currently to the exploration to which we can resort, nor do we have an underlying RRT

representation like [157, 195]. However, while the latter suffers from the necessity of

carefully tuned parameters to successfully terminate the exploration [195], the former is

based on maintaining a global set of features, which is not our case.

2.5.2 Pose Utilities Formulations

We use the utility as a measure of information gain for an attainable robot pose x (position

and orientation) on the map that lies along a path σ , leading to the goal location xG.
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Given a pose x, we obtain a set of N map cells Sx = {m0, ...,mN} that are visible from

the pose x. A cell m is deemed visible if there exists a ray that goes from it to the queried

pose x without intercepting any obstacle and lies within the camera’s FOV and whose

distance is smaller than δthr, hypothesizing the robot at pose x. A cell is considered

an obstacle if po(m) > 0.7 = pthr. At every cell m ∈ Sx, we associate a utility value

µ[m|x,σ ]. The total utility U[x,σ ] of a pose x along a path σ , is given as

U[x,σ ] = ∑
m∈Sx

µ[m|x,σ ]. (2.7)

We compare three different ways to compute µ[m|x,σ ]. The first way, µ1, is to define

it as the plain Shannon entropy, which represents the available amount of information,

i.e. µ1[m|x,σ ] = H[m]. With this, we can capture directly the maximum amount of in-

formation retrievable from a given cell. In the second way, µ2, we introduce the presence

of obstacles directly in the utility computation.

µ2[m|x,σ ] =

{
H[m] if po(m)< pthr

H[m]+κ1 if po(m)≥ pthr ,
(2.8)

where κ1 is a constant (set to 1 in our experiments). The insight is twofold in this case.

First, we know that visual features are usually found around obstacle regions, as it is

where we can observe contrast and variability against the background. At the same time,

those are harder to map correctly with respect to empty areas. However, the entropy

of those cells goes rapidly toward 0 due to Shannon’s formulation. Therefore, adding

this constant term to account for obstacle presence will favor robot headings towards

that kind of cell, improving the likelihood of observing more features and ‘forcing’ it to

observe objects to refine their mapping. Thus, differently from µ1, we explicitly favor

the observation of obstacle cells.

The third way of computing utility, µ3, is based on the following idea. Along the

path, a robot can balance the observation of new, unmapped cells and the re-observation

of previously mapped ones. Generally, if a robot is far with respect to a frontier point,

the amount of unknown area it can explore locally is very limited but might still have a

big impact on the utility function. As unmapped cells have po(m) = 0.5 we have that

H[m] = 1 if m ∈ Munk, i.e. the maximum value of H. With µ3 we aim to emphasize the

refinement of already mapped cells rather than exploring the new area while the robot is

far with respect to the final goal and vice versa. With this, we seek to differentiate the ob-

jective dynamically between re-observation (refinement) and exploration, by differently

weighting the two based on the distance between the robot and the frontier point. To this

end, we first define

λ[x,σ ][m] =

{
(1− j[x,σ ]) if m ∈ Munk

j[x,σ ] if m ∈ M f ree

⋃
Mocc ,

(2.9)
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as our weighting function, where j itself is a function of the distance between the queried

pose x and the final goal pose xG given as

j = max(ξl,min(ξh,ξl||x−xG||2)). (2.10)

Constants ξl and ξh are parameters to tune re-observation priorities (set to 0.2 and 0.8,

respectively, in our experiments). Note that it is always verified that j ∈ [0.2,0.8] and

the further we are from xG, the nearer we are to ξh. Using this weighting function, µ3 is

given as

µ3[m|x,σ ] =

{
λ[x,σ ][m]H[m] if po(m)< pthr

λ[x,σ ][m]H[m]+κ1 if po(m)≥ pthr.
(2.11)

By using µ3, we increase the weight of the utility related to the entropy of the already

explored cells while the robot is far from the final frontier point. Then, while the robot

moves toward the exploration zone (the frontier point), the weight is shifted toward the

utility related to the unmapped cells. We built this on top of µ2, meaning that we keep

the obstacle weight for the reasons explained above. However, different from both µ1

and µ2, here we dynamically balance between re-observing the already explored area

and mapping new space.

2.5.3 Global Path Generation, our First Active Level

For every available candidate goal, we generate a path with an A⋆ planner [82] applied

to the global occupancy grid. Every path σ obtained in this way is reduced to a set of

waypoints W = {w0, ...,wE}, where a waypoint is defined as wi = [xi yi θi]
⊤, w0 = xG,

wE = xE . The maximum distance between waypoints is limited to a fixed value (1 m in

our experiments) and is computed as the linear sum of Euclidean distances between the

subsequent cells belonging to the path. This discretization is done for several reasons.

First, this lowers the overall computational requirement of the complete Active SLAM

approach. Second, it facilitates the robot’s dynamic constraints by allowing the robot

sufficient time to rotate such that the required heading of the subsequent waypoint is

achievable and unnecessary in-place rotations are avoided.

The A⋆ planner natively returns a heading for every point of the path based on some

internal heuristics. A naive but non-active approach would be to interpolate the ones be-

longing to the waypoints following the movement direction to obtain the predicted and

desired headings. However, this would limit the observation capabilities of the system,

not fully exploiting what is available at this stage of the Active SLAM system. Differ-

ently, instead of having a series of mostly overlapping interpolated headings along the

path, we compute a new and enhanced series of headings. Those are computed such

that the utility of the path is optimized with respect to the information that is currently

available.
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(a) Initial State (b) Global Path Example (c) First Heading Optimization

(d) Computed Optimal Headings (e) Best View Update

Figure 2.3: A representation of the first and second levels of activeness. The initial state,

shown in (a), depicts the current voxels’ occupancy probability based on the RViz [103]

standard color coding, i.e. the free cells are black, likely-free blue, likely-obstacles red,

and obstacles light-blue, while in white it is unexplored space. In (b), we show the fron-

tier points as green dots and a path toward one of them. In (c) and (d), we depict our

first active level, i.e. the optimal headings with the frustum overlap. We show with a

red circular area the set of visible cells from a given location, in yellow the ones covered

by the optimized orientation, we omit the overlapping cells, and depict the final optimal

headings as white arrows. In the final image (e), we can clearly see the difference be-

tween the pre-computed optimal view direction (white arrow) and the one by the second

active level, computed only once the previous waypoint is reached (red arrow).
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Note that, differently from the case of non-omnidirectional platforms mounting fixed

mounted cameras, we do not need to recompute the approach path since our robots have

no limitations in their movement capabilities, either thanks to the omnidirectionality or

the independent rotational joint. Therefore, for our first-level activeness, we compute

the optimal heading for every waypoint. In this, for every waypoint wi = [xi yi θi]
⊤ we

replace θi by θ ⋆, where the latter maximizes the waypoint’s utility value, i.e.

θ ⋆ = argmax
θi∈[0,2π]

U[wi,σ ] (2.12)

However, instead of directly using Equation (2.7) to compute U[wi,σ ], we update the

map cell set Swi
in a way such that the cells visible from the waypoints before wi are not

included in Swi
, i.e. we account for the frustum overlap of the subsequent camera views.

The final path utility is then given by

U [σ ] =
∑

N
i=0 e−ρ·δi ·U[wi,σ ]

∑
N
i=0 e−ρ·δi

, (2.13)

where δi is the path-distance between the waypoint wi and the current robot location and

ρ is a discount factor set to 0.25 in our experiments. Instead of the classical approach,

like the one used in [157] that considers a plain weighted sum, we consider a weighted

average between all waypoints’ utilities. This choice enables us to capture a more com-

prehensive contribution of the whole path in terms of overall information gain. With a

weighted sum, the system favors paths that exhibit spikes in the utility, caring only about

a high cumulative reward rather than how that reward is obtained and how much it will

gain at every step. Instead, the weighted average approach considers how much the robot

can gain along the whole path, seeking routes that are more informative on average ir-

respective of their length. Finally, the highest utility path is selected, and its waypoints

are used by the local path execution module, as described next. A depiction of the global

path planning and the waypoints’ heading optimization can be found in Figure 2.3.

2.5.4 Path Execution and Robot Control

We use a Nonlinear Model Predictive Control (NMPC) based method for the local path

execution. The NMPC formulation is initially based on the kinematic description of a

three-wheeled robot introduced in Section 2.4. We can indicate the state xt is the robot’s

position and orientation at a given time instant t. The robot is controlled in the veloc-

ity space using the vector ut(n) = [ut,x ut,y ut,θ ]
T , with n as the horizon time step. The

objective is to reach the desired goal location and orientation, i.e. the next waypoint wi.

The location is defined within the first active level (Section 2.5.3), while the desired ori-

entation is provided by the second and the third level of activeness (see Section 2.5.5

and Section 2.5.6). To ensure safe operations, the robot must also be able to avoid ob-

39



Chapter 2 Human-like Autonomous Exploration

stacles and stay within its control bounds. Thus, the NMPC is formulated as follows

xt(0)
⋆ . . .xt(N)⋆,u⋆

t (0) . . .u
⋆
t (N −1) = argminargminargmin

ut(0)...ut(N−1)

(J) (2.14)

s.t. xt(n+1) = f (xt(n),ut(n)) (2.15)

−umax ≤ ut(n)≤ umax

− vtr,max ≤ vt,tr(n)≤ vtr,max

dk
t (n)≥ dmin, ∀ k ∈ obs(n)

(2.16)

Where f is the nonlinear kinematic equation (see Section 2.4), vt,tr(n) represents the

overall translation velocity, i.e. (u2
t,x +u2

t,y)
0.5.

Note that while A⋆ provides an obstacle-free path, it is necessary to include obstacle

constraints in the local re-planning and execution to avoid collisions with any newly

discovered obstacle cell. We thus consider obs(n) to be the vector containing all the

predicted obstacle positions and dk
t (n) to be the distance between the robot and the k-th

obstacle at the n-th time step. We keep u{x,y,θ},max,vtr,max,dmin ∈ R
+. The robot then

must minimize the distance to the target, the control effort, and an additional cost term

for being near an obstacle. The objective J can be defined as follows

J = (xt(N)−w)TQx(xt(N)−w)+

+
N−1

∑
n=0

[
(xt(n)−w)TQx(xt(n)−w)+ut(n)

TRut(n)+

zt(n)
TQobszt(n)

]
(2.17)

zt(n) = [h1
t (n) . . . hk

t (n)]
T indicates a ‘force’ factor that drives the robot away from the

obstacles. This is computed, for each one of the k obstacles, as hk
t (n) =−(1−e0.1/dk

t (n)
2
).

In addition to the minimum distance constraint, we add this term to further discourage

the robot from going near them to better cope with noise due to the SLAM procedure

and possible errors in their localization. With Qx, R, and Qobs defined as the applied

positive diagonal weighting matrices.

To control the robot, we create and generate the NMPC formulation with the ACADO

framework [89]. We first control the robot in an omnidirectional modality. Then, we

modify the NMPC formulation to account for the independent rotation of the camera. In

this, the controlled orientation considered in the framework is the final global orientation

of the camera. The penalty factor associated with the camera’s rotation is the same as

that of the robot’s rotation used in the previous case. We use this formulation to test
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both a simultaneous rotation of the camera and the robot and a scenario where only the

camera is allowed to rotate. Note that with the latter, we are effectively using a semi-

holonomic robot that is capable of moving only along the x and y axes and linearising the

whole system. Finally, to simulate a non-holonomic robot, we impose a hard constraint

in the NMPC formulation setting vy = 0. In all experiments, we keep the same maximum

rotational speed of the camera, of the robot, and also of the whole system.

2.5.5 Local Waypoint Refinement, our Second Active Level

The second active level is carried out immediately before sending a waypoint as a goal

to the NMPC. We exploit the observation that the SLAM backend continuously updates

our knowledge while the robot is moving. Indeed, the information considered during

the previous global planning and optimal heading generation could have changed dras-

tically. This can be, for example, due to loop closure events, intermediate robot move-

ments, newly mapped obstacles, or further map refinements or corruptions. Following

this observation, each time the robot reaches a waypoint wi, we re-compute the optimal

heading of the subsequent waypoint wi+1. We do so by using the same procedure de-

scribed previously to compute optimal headings, but this time we leverage the updated

map information. We then obtain a refined θ̃ ⋆
i+1 that will be used as our new refined opti-

mal heading. In this way, we ensure that we include the most recent and updated version

of the occupancy grid not only when we do the global long-term planning, but also every

time we reach a sub-goal. A representation of this can be seen in Figure 2.3.

2.5.6 Real Time Heading Refinement, our Third Active Level

Our third active level, carried out while the robot is moving in between two consecutive

waypoints. Since the V-SLAM back-end computes a set of 3D features for every time

step, the key idea is to keep in the robot camera’s FOV as many 3D visual features as

possible. We do so by weighting the optimal heading direction computed in the previous

step with a newly computed orientation that would help retain these features in the FOV.

Our insight is that this would help the relocalization and loop closure modules, as the

camera is more stable and eventually focuses on areas with more visual information.

To this end, every time a node is added to the graph, we obtain the 3D locations of all

the features extracted from the current image. In this way, only the features relative to

the latest added node are being used. Using this, we can compute the orientation that

the robot should have in the next waypoint, βi+1, to keep them in the FOV. This piece

of information was not available during the previous step as it is only computed in real

time. Therefore, the planning carried out during the first and the second active levels

could not consider this information during the computation of the predicted information

gain. Also, even if a global features map were to be maintained, and disregarding the

computational complexity, new and better features might anyway be found within the

newly taken images.
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Then, at any given time instant t while traversing between waypoints wi and wi+1,

we have at our disposal i) θ̃ ⋆
i+1, the desired optimal angle of the next waypoint wi+1 as

computed by the second-level activeness, and ii) βi+1. At every time step, we re-compute

βi+1 with a 3D ray-tracing technique on the updated octomap by using the FOV of the

robot camera, the maximum distance of the features from it, and the next waypoint’s 2D

position. Let δt be the distance between the current robot position and the next waypoint

wi+1, always at time t. In real time, we can finally compute the current desired orientation

for the robot, γt , as

γt =
θ̃ ⋆

i+1 · e
κ2·δt +βi+1 · e

κ3/δt

eκ2·δt + eκ3/δt
, (2.18)

where κ2 and κ3 are some weighting constants. The NMPC’s objective is now created

with the goal of to tracking the continuously updated waypoint w′
i+1 = [xi+1 yi+1 γt ]

⊤,

whose position component is the same as wi+1 and the orientation component is con-

stantly updated to the newest γt . Varying the parameters κ2 and κ3 allows varying the

importance of keeping 3D visual features within the FOV versus achieving the previously

desired orientation θ̃ ⋆
i+1. For instance, in our experiments, we set κ2 =−6 and κ3 =−0.5

to keep the features within the FOV as long as the robot is far enough with respect to

the next waypoint. As it approaches the following waypoint, the weight of the previ-

ously computed heading becomes more prominent. Indeed, since limδt→0+ eκ2·δt = 1 and

limδt→0+ eκ3/δt = 0 we have that limδt→0+ γt = θ̃ ⋆
i+1. However, we acknowledge that fea-

tures are not always available. In such scenarios, the system sets βi+1 to the current

heading direction of the robot to ensure a smooth transition between the two, following

the same weighting procedure. A visual representation of this function with the chosen

parameters is provided in Figure 2.4. Overall, the third-level activeness increases the

chance of loop closures and place recognition (especially while revisiting areas), thus

improving map quality and lowering trajectory errors.

2.5.7 Coordinating The Modules

A finite state machine manages the execution of the three Active SLAM layers. A simpli-

fied scheme of the FSM is depicted in Algorithm 2.1. The NMPC continuously publishes

its state (WAITING, OPERATING, GOAL REACHED, or RECOVERY). This is the main

signal influencing what the FSM does. If the NMPC is waiting for commands (WAIT-

ING, GOAL REACHED states), the FSM will then check if a goal (waypoint) is available

and send it in the form of a desired location and optimal orientation. If the current list

of waypoints is empty, i.e. there is no goal already available, it will request one. This is

done by our first level of activeness (Section 2.5.3) and consists of both i) goal selection

and ii) global path generation steps. The pre-optimized waypoints are then stored in a

queue, and the first one is executed immediately. If, instead, the current list of way-

points is not empty, the FSM will refine the heading of the next sub-goal, i.e. our second
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Algorithm 2.1 Pseudocode of the finite state machine (FSM) coordinating our proposed

Active SLAM layers.

Result: Exploration

state = get NMPC state

if state = WAITING or state = GOAL REACHED then

if waypoints is not empty then

// Second-level activeness

optimize next heading

// ‘In’ NMPC Third Active Level

send a waypoint to NMPC

popfront(waypoints)

else
endpoints = require frontier points

if endpoints is empty then

if map graph is empty then
endpoints = 360 rotation in place

else
endpoints = random graph node

end

end

// First-level activeness

waypoints = getOptimalSolution(endpoints)

// ‘In’ NMPC Third Active Level

send first waypoint to NMPC

popfront(waypoints)

end

else if state == RECOVERY then
recovery easy

if recovery easy fails then
recovery hard

end

else if state == OPERATING then
do nothing
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Figure 2.4: Example of a computed γt using θ̃ ⋆
i+1 = 60◦, κ2 = −6, βi+1 = −60◦, κ3 =

−0.5, and δt ∈ [0,1.5] m (distance to waypoint).

level of activeness (see Section 2.5.5), and send the optimized version to the NMPC. If

the NMPC is actively working (OPERATING), the FSM will stay idle. Between each

control loop, we take care of balancing the feature tracking and the current orientation

objective via our third level of activeness (see Section 2.5.6) directly within the NMPC

control code. Specifically, this is obtained by computing the heading based on Equa-

tion (2.18) and passing the result online as the heading objective of the NMPC while

keeping the location of the waypoint fixed. To ensure full autonomy of the system, a

recovery behavior is introduced. If the robot finds itself stuck and unable to move, it

will send a RECOVERY signal to the FSM. First, it tries to solve a situation via com-

mon recovery behaviors like in-place rotation and going away from the nearest obstacle

(recovery easy in the code). Then, if that fails, by leveraging the multi-session mapping

capability of the SLAM framework, we start a new mapping session (recovery hard in

Algorithm 2.1). The current pose of the robot will be considered the new origin, and the

FSM will act as previously described. Once a loop closure is found with the previous

map, the two will be merged and rectified. The first behavior that the robot exhibits will

always be a 360◦ in-place rotation to explore the immediate vicinity of the platform. The

loop will continue until an external termination signal is triggered.

2.6 Experiments

2.6.1 Setup and Implementation

To validate the proposed algorithm, we first use the Gazebo simulator [110]. We test our

method in two different environments: i) AWS Robomaker Small House World [179]
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(Figure 2.5a), which is ∼ 180 m2, and ii) a modified version of the Gazebo’s Café envi-

ronment (Figure 2.5b) using 3DGems’ [176] assets, which is ∼ 200 m2.

(a) AWS’s Small House

(b) Gazebo’s edited Café

Figure 2.5: Top-down view of the two simulated environments

We use real hardware-like parameters for all the sensors in the simulation. The LRF

has an angular resolution of 1◦ and provides a complete 360◦ sweep. The camera is used

at a resolution of 848x480 pixels. Its horizontal FOV is 69.4◦ [79], and its maximum

sensing depth is limited to 4 meters. For all experiments, the maximum translation speed

of the robot is set to 1 m
s

, while the maximum angular speed is 1 rad
s

. The ground truth

maps were obtained using pgm map creator5 and edited to remove unwanted artifacts.

Since Gazebo does not support components with zeroed friction coefficients in the per-

pendicular direction, it is not possible to directly simulate three-wheel omnidirectional

robots. Therefore, we disable wheel collisions and augment the model with six indepen-

dent virtual joints (one for each DOF) to enable control. The wheels are rotated (without

friction or collisions) using the kinematic model introduced above.

5https://github.com/hyfan1116/pgm_map_creator
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As introduced in the previous section, we use the widely adopted ACADO frame-

work [89] to set up the optimization and qpOASES [66] as a solver. We set a 20 steps

horizon, each consisting of 0.1 s. We consider ten obstacles in our implementation, and

their position is treated as online data in the framework. The obstacles are detected

through the costmap converter6 package, which provides us with the estimated obsta-

cle’s velocity and convex hull. The nearest vertex is used for each one of the detected

obstacles. The obstacles are then sorted based on their status (dynamic or static) and

their distance to the robot. Priority is given first to the dynamic ones, and then to the

nearest static ones, with respect to the state predicted at each time step by the previous

iteration of the NMPC. Our initial state is the most recent estimate of the robot’s pose

provided by the odometry estimation system. Note that, despite the system itself can, in

principle, manage dynamic obstacles, we will assume that the robot operates in a static

environment in our experiments.

We use RTAB-Map [114] as our V-SLAM back-end. RTAB-Map is a graph feature-

based Visual SLAM framework. The 2D occupancy map is generated by the 2D pro-

jection of the 3D octomap built through our RGB-D sensor and used for navigation and

evaluation, allowing the mapping of the obstacles that would be otherwise ‘hidden’ to

the 2D LRF.

2.6.2 Evaluation Metrics

The constructed map has a cell size of 0.05 m and is compared, for the simulated experi-

ments, with respect to the ground truth map using the balanced accuracy score (BAC) on

the three classes: free, occupied, and unknown. We also evaluate the root mean squared

absolute trajectory error (ATE RMSE, see Equation (1.15)) and the number of loop clo-

sures triggered per meter of distance traveled by the robot. The map entropy is also

monitored throughout the entire experiment and presented as normalized with respect to

the actual explored area (Equation (1.18)). Wheels’ total rotation per meter of trajectory

traveled is computed to further show the energy-saving benefits of our method by indi-

cating the actual movement carried out throughout the experiment. Finally, the total area

explored is monitored both in time and against the meters traveled by the robot. While

the first is an indication of exploration speed, the latter is employed to compare energy

efficiency between the algorithms and capture the overall movement that the robot takes

to discover a comparable amount of area. All results are presented with the mean and

standard deviation computed among all the trials.

For both simulation and real robot experiments, one might notice drops in the ex-

ploration amount and spikes in the normalized entropy. Those are related to two main

factors. The first one is related to the RTAB-Map system itself since, once a loop closure

is triggered, the whole map gets rectified and updated with subsequent possible degra-

dation and corruption. The second one is related to the recovery procedure. In this case,

6https://github.com/rst-tu-dortmund/costmap_converter
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the current explored area and its normalized entropy are like the ones at the beginning of

the experiment, until a loop closure with the previous session is found. We do not use

a cumulative sum of the explored area among the two sessions since we have no way

to ensure that the ‘newly’ explored space is different with respect to the previous one.

Once a loop closure is found with the previous map, the two get automatically merged,

‘restoring’ these two values.

2.6.3 Methods Naming and Description

Omnidirectional Robots

Since our Active SLAM is extremely modular, in our evaluations we perform various

comparisons to analyze the effect of the modifications we introduce with iRotate. These

include each active level, utility formula (including the weighted average), independent

joint rotation, and state estimate mechanism.

First, we consider 2 additional paths’ utility computation methods. These are i) OL:

using only the optimized goal position instead of all the waypoints on the path, and ii)

INTER: the orientation of the robot is simply interpolated along the trajectory to the goal

position, and the total utility is computed as a plain sum of the utilities. Both of these, in

practice, neglect our first-level of activeness. Active SLAM approaches using these for

utility computation are prefixed by OL and INTER, respectively. Approaches using our

complete procedure of global path generation (Section 2.5.3) are prefixed with A.

Active Levels Enabled Interpolated

headings

Only Last

Waypoint
Sim. Time Utility

First Second Third

A 600 s µ1

A 1 600 s µ1

A L 750 s µ1

A S 600 s µ1

A O 600 s µ2

A DW O 600 s µ3

INTER 0 600 s µ1

OL 0 600 s µ1

OL 1 600 s µ1

OL 1 3 600 s µ1

OL 2 600 s µ1

OL 2 3 600 s µ1

Table 2.1: Summary of the methods used for the comparisons using the omnidirectional

platform. For A S we use µ1 with a weighted sum of utilities, instead of a weighted

average. The time is reduced to 300 s in the real world experiments.
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OL 0 is similar to [47], since it chooses the long-term goal based on the heading opti-

mization for the last waypoint. Waypoints’ headings here are not being optimized since,

as explained also in [47], their method generates a very low number of intermediate

steps in contrast to our one-meter-apart approach. INTER 0 represents a non-optimized

approach toward the frontier, similarly to [33]. Different from them, we use a plain Shan-

non’s entropy formulation and an RGB-D sensor to perform the mapping operation (not

a 2D laser sensor). Note that the information gathered along the interpolated trajectory

does not modify in any way the path or the planned robot headings, making this an ideal

comparison as it also represents a greedy approach. Therefore, we consider OL 0 and

INTER 0 as our baselines.

Based on the combination of activeness levels and path utility computation approach,

we also performed experiments with the following methods – A (our complete approach),

A 1, OL 0, OL 1, OL 1 3, OL 2, OL 2 3, and INTER 0. The numbers in the suffix

signify the activeness levels enabled, with 0 referring to none of them enabled. For

simplicity, if no number is specified, all active levels are enabled. The difference between

A 1 and OL 1 is that on A 1 we select the bath based on the total utility of the path, while

with OL 1 we first select the path based on the last waypoint, and then pre-optimize

the waypoints’ headings. We also experimented with a longer time duration version of

our complete approach, named A L, and a classic weighted sum approach named A S.

Finally, we also provide experiments with 2 additional methods, where our complete

approach is used, but instead of using the plain Shannon entropy scheme (µ1), we use

µ2 and µ3, as introduced in Section 2.5.2. These methods are named A O (µ2) and

A DW O (µ3). A recap of all the methods, the enabled active levels, and other relevant

characteristics is provided in Table 2.1. Examples of the generated maps and paths with

the most relevant methods are shown in Figure 2.12.

A M A HH M HH OC M OC Y0 M Y0

Omnidirectional

Camera rotating

Semi-holonomic

Non-holonomic

Merged estimate

Table 2.2: Summary of the robot configurations used in our experiments. In the row,

we indicate the characteristics that the robot might possess. In the columns, we indicate

the short names of the considered methods. The tick in a cell signifies that the method

named has that characteristic.
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Non-Omnidirectional Robots

The considered baseline for the non-omnidirectional evaluations is A, i.e. the complete

iRotate approach running on the omnidirectional robot. All approaches considered here

have all three levels of activeness enabled.

We compare the baseline with our proposed merged state estimate (Section 2.4.3),

which will be called A M. Since we are modifying the provided system uncertainty, we

use this evaluation to assess if there is any difference between the two methods when we

do not move the camera. Even though we expect no difference between the two, per-

forming this benchmark will allow us to obtain a baseline for the state estimate merging

strategy.

Then, we compare our baseline against the different control alternatives introduced

in Section 2.5.4. We named these:

• HH: both the camera and the base can rotate at the same time with the same maxi-

mum specific and combined speeds;

• OC: Only the Camera is allowed to rotate. The robot can only perform translational

movements. This is a semi-holonomic scenario;

• Y0: the robot is behaving as a non-holonomic robot, while the camera is allowed

to rotate, i.e. vy = 0 m
s

.

In the first case, we are increasing the overall complexity of the system by adding an-

other controlled variable. However, at the same time, we expect to obtain an optimized

movement since the NMPC should automatically effectively combine the two rotations.

For fairness, while in principle it would be possible for us to tweak the NMPC to favor

this, we do not explicitly change any parameter. With the other two scenarios, we are

showing how the Active SLAM approach is usable even with other platforms by remov-

ing the strict omnidirectional requirement. Finally, we also want to study the effects that

our proposed state estimate merging has on those methods. As in the baseline case, the

experiments that are not suffixed with M represent the standard approach while the ones

with M use our proposed state estimate. A summary of the characteristics for each of

these configurations is reported in Table 2.2.

2.6.4 Simulation Experiments

Simulation results are the average over 20 successful trials of ten minutes each for each

method with the same starting location on the map. Variability in trials emerges thanks

to the different trajectories that the robot takes in each one of the runs. Since RTAB-

Map’s update rate is not fixed but varies based on the movement of the robot, the plots

are presented after a bucketing procedure in time windows of 2 seconds, eventually filled

with previous values.
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BAC ATE RMSE
Per meter

loops

Per meter

wheels’ rotation

mean std mean std mean std mean std

A 0.771 0.022 0.059 0.028 4.965 0.596 65.781 4.532

A L 0.789 0.019 0.047 0.023 5.149 0.597 68.116 4.944

INTER 0 0.772 0.024 0.038 0.022 4.303 0.393 59.134 2.672

OL 0 0.780 0.030 0.060 0.058 4.198 0.580 60.615 4.942

OL 1 0.802 0.018 0.051 0.025 3.838 0.640 61.755 4.546

OL 1 3 0.792 0.028 0.078 0.046 4.986 0.469 69.080 5.928

OL 2 0.785 0.031 0.084 0.054 3.984 0.867 67.288 13.683

OL 2 3 0.776 0.027 0.066 0.057 5.120 0.650 68.506 5.868

A S 0.767 0.021 0.064 0.062 5.146 0.491 66.285 5.829

A 1 0.776 0.026 0.063 0.031 3.211 0.440 63.705 6.018

A O 0.772 0.030 0.041 0.011 5.302 0.587 66.313 8.356

A DW O 0.765 0.022 0.046 0.024 5.144 0.514 64.594 4.731

Table 2.3: Results obtained in the Café environment using the omnidirectional config-

uration. We report the average and standard deviation over 20 successful trials for the

balanced accuracy (BAC), the absolute trajectory error (ATE, in m), the number of loop

closures per meter travelled, and the amount of rotation of each wheel (in rad
s

).

BAC ATE RMSE
Per meter

loops

Per meter

wheels’ rotation

mean std mean std mean std mean std

A 0.818 0.015 0.051 0.020 4.692 0.382 63.043 2.540

A L 0.815 0.024 0.052 0.021 4.880 0.704 66.649 9.372

INTER 0 0.823 0.011 0.034 0.013 3.791 0.386 56.721 2.886

OL 0 0.808 0.016 0.063 0.045 4.057 0.658 61.687 20.745

OL 1 0.816 0.029 0.052 0.037 3.402 0.525 62.389 9.463

OL 1 3 0.815 0.021 0.058 0.023 4.665 0.426 68.163 19.557

OL 2 0.820 0.019 0.079 0.062 3.495 0.470 66.980 12.378

OL 2 3 0.818 0.016 0.067 0.045 4.849 0.642 65.048 9.937

A S 0.788 0.026 0.101 0.077 4.722 0.526 67.236 9.299

A 1 0.805 0.023 0.060 0.031 2.923 0.477 59.382 2.851

A O 0.821 0.015 0.048 0.022 4.791 0.533 63.679 3.588

A DW O 0.806 0.024 0.047 0.022 4.738 0.569 63.564 3.679

Table 2.4: Results obtained in the Small House environment using the omnidirectional

configuration. We report the average and standard deviation over 20 successful trials for

the balanced accuracy (BAC), the absolute trajectory error (ATE, in m), the number of

loop closures per meter travelled, and the amount of rotation of each wheel (in rad
s

).
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Omnidirectional Robots — Baselines Comparisons

We first compare our full method A with A 1, i.e. only pre-plan the waypoints’ view

directions once, OL 0, and INTER 0 (baselines). Results, reported in Tables 2.3 and 2.4

and Figs. 2.6 and 2.7, are equivalent for both environments. Notable differences can

be observed in the trajectory length: our active approaches (A and A 1) successfully

explore the environment with much shorter trajectories. Indeed, OL 0 and INTER 0

ones are ∼ 33% and ∼ 39% longer than A, and ∼ 19% and ∼ 24% longer than A 1,

respectively. Even considering the wheels’ rotation per meter traveled by the robot,

which is higher for the active methods, with the highest difference of ∼ 11% between

A and INTER 0, the advantage is clear. A higher amount of wheels movement for the

active methods is expected since we enforce an (almost) continuous rotational movement

with our approach. We can then notice that A, A 1, and OL 0 show comparable results

on ATE. However, INTER 0, thanks to the smooth movement of the robot associated

with the interpolated trajectory, exhibits a lower ATE.
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(b) Time evolution

Figure 2.6: Average time and path length evolution of our experiments in the Café envi-

ronment using the omnidirectional configuration. Comparison of the baseline methods,

i.e. INTER 0 and OL 0, with the proposed approach, iRotate (A), and its variations, A S

using a weighted sum, and A 1 enabling just the first active level.

Nonetheless, this does not translate into any clear benefit over the final entropy, explo-

ration amount, or exploration speed. INTER 0 and OL 0 yield similar BAC to our active

algorithms A and A 1. However, both show higher normalized entropy than A, despite

completing the exploration earlier, thus having time to refine the result. This indicates

how iRotate can better map the environment already on the first pass. Moreover, IN-

TER 0 fails to fully explore the environment and generally shows the lowest exploration

profile, despite the longest trajectories.

Regarding loop closures, we can see how A generates more of them, compared to IN-

TER 0 and OL 0, despite a much lower path length. On the other hand, A 1 shows worse

results in this metric. However, one must notice that A 1, in contrast to INTER 0 and
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(b) Time evolution

Figure 2.7: Average time and path length evolution of our experiments in the Small House

environment using the omnidirectional configuration. Comparison of the baseline meth-

ods, i.e. INTER 0 and OL 0, with the proposed approach, iRotate (A), and its variations,

A S using a weighted sum, and A 1 enabling just the first active level.

OL 0, cannot navigate in an (almost) fully explored environment toward the end of the

experiment. This could be one of the reasons behind this result, alongside the continuous

rotational movement. Anyway, given the re-observation possibilities and the movement

smoothness of both INTER 0 and OL 0, one would expect them to have higher loop

closures. The fact that this is not the case further proves the benefits brought by our ap-

proach. Moreover, we will show in the ablation studies how the third level of activeness

especially influences this metric, which will justify the difference of A 1 with respect to

A, and how a similar insight can be obtained comparing OL 0 and OL 1. Finally, in Fig-

ure 2.6 and Figure 2.7, we can notice how, despite having a much higher exploration area

per meter traveled and a continuous rotational movement, our active method A continu-

ously keeps a much lower normalized entropy. By design, the second and (especially) the

third level of activeness cause the robot to make more rotational movements. Such move-

ments are known to increase the uncertainty in pose estimates of the robot. However, as

is evident in our active approach, they still do not adversely affect robot localization.

Omnidirectional Robots — Comparing Weighted Average and Plain Sum

Now we want to compare the effect that the weighted average has on our full approach.

To do so, we consider A, which uses the proposed weighted average utility, and A S,

which applies the classic weighted sum. In the Café world, performances are quite sim-

ilar, with a slightly lower ATE for the weighted average approach as can be observed

in Table 2.3. Instead, when tested in the AWS environment using the weighted aver-

age scheme, there are significant gains throughout all the metrics, except for the loop

closures’ one (see Table 2.4). The two approaches in both the considered worlds have

similar exploration profiles and trajectory lengths (see Figure 2.6 and Figure 2.7). How-
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ever, the normalized entropy resulting from our approach is lower during the majority

of the duration of the experiment. This result could be attributed to the ability of the

weighted average to better capture the utility of the whole movement that will bring the

robot to the frontier point, rather than favoring single high-utility spikes.
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(b) Time evolution

Figure 2.8: Average time and path length evolution of our experiments in the Café envi-

ronment using the omnidirectional configuration. Comparison of only OL-type methods

using none (OL 0), one (OL 1, OL 2) or two (OL 1 3, OL 2 3) active levels.

Omnidirectional Robots — Ablation Studies

Since, as shown previously, OL 0 outperforms INTER 0, we check how our active com-

ponents influence this method by comparing OL 1, OL 1 3, OL 2, and OL 2 3. In this,

we apply each active component (1st, 2nd, and 3rd level of activeness) separately, lever-

aging the modularity of our algorithm, on top of OL 0.

We see from Figure 2.8 and Figure 2.9 that all methods outperform OL 0. Path lengths

are majorly affected when the third level of activeness is enabled, with a steep reduction

within the same time window. Tracking features cause a slight delay in reaching the

desired orientation at every waypoint. This could be solved with more careful tuning of

the weights of the third level of activeness or the NMPC.

As expected, pre-fixing the orientation along the selected path (OL 1) or doing so just

for the subsequent waypoint (OL 2) has little influence over the final trajectory length

since the difference in the computational effort is minimal. However, doing either greatly

lowers the number of loop closures by around 15%. Overall, OL 1 3 and OL 2 3 show

better performance in the majority of the metric comparisons with respect to OL 1 and

OL 2. Notably, we can see how, as expected, the loop closure amounts increase when

the third level of activeness is enabled. Moreover, since the two are designed to perform

similar actions, OL 1 3 and OL 2 3 exhibit similar performances. However, it seems

that OL 2 3 has a slight advantage by looking at BAC, ATE, and loop closure amounts.
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Comparing OL [1,2] 3 with OL 0 further proves that the continuous rotational move-

ment introduced through the active levels does not harm the map quality or the trajectory

reconstruction error.
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Figure 2.9: Average time and path length evolution of our experiments in the Small

House environment using the omnidirectional configuration. Comparison of only OL-

type methods using none (OL 0), one (OL 1, OL 2), or two (OL 1 3, OL 2 3) active

levels.

Omnidirectional Robots — Utilities Formulation Comparison

Finally, in our last comparison, whose plots are shown in Figure 2.10 and Figure 2.11, we

compare OL 2 3 against our full approach A, the proposed utilities (A O and A DW 0),

and A L. Recall that A L is an extended (12.5 minutes) version of our full approach

A (10 minutes). We observe that all our approaches, when compared to OL 2 3, can

explore the environment and do so with shorter paths (∼ 5− 12%). Moreover, even

considering the wheels’ rotation, we notice similar or better performance. This excludes

a higher energy consumption due to the continuous rotation.

Our full approaches keep the normalized entropy lower both during and at the end of

the experiments. The exploration speed and amount are overall comparable, but if we

look at the time evolution, OL 2 3 seems to flatten earlier than expected. The ATE RMSE

is, in general, better for A( L), A O, and A DW 0, as compared to OL 2 3. Without loss

of generalization, similar considerations can be made with respect to OL 1 3 given the

similarities pointed out before. Notice also how all the OL methods are more prone to

failures and the need for recovery, further showing the value of considering whole paths.

We can observe that both methods A O and A DW 0, as expected, are linked to lower

normalized entropy and lower ATE. The presence of obstacles in the utility function

seems to improve the overall system. This justifies the introduction of such a term in

the utility function for an active V-SLAM approach. Since the obstacle cells are the
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Figure 2.10: Average time and path length evolution of our experiments in the Café

environment using the omnidirectional configuration. Comparison of OL 2 3, A L, and

A using different utility formulations, i.e. an obstacle (A O) and a dynamic weighting

approaches (A DW O).

0.0

0.2

0.4

0.6

0.8

1.0

n
o
rm

a
li
z
e
d
 e

n
tr

o
p
y

0 20 40 60 80

trajectory length [m]

0.0

0.2

0.4

0.6

0.8

1.0

e
x
p
lo

re
d
 % A

A_DW_O

A_O

OL_2_3

A_L

(a) Path length evolution

0 200 400 600

time [s]

0.0

0.2

0.4

0.6

0.8

1.0

e
x
p
lo

re
d
 %

A

A_DW_O

A_O

OL_2_3

A_L

0

20

40

60

80

100

120

tr
a
je

c
to

ry
 l
e
n
g
th

 [
m

]

(b) Time evolution

Figure 2.11: Average time and path length evolution of our experiments in the Small

House environment using the omnidirectional configuration. Comparison of OL 2 3,

A L, and A using different utility formulations, i.e. an obstacle (A O) and a dynamic

weighting approaches (A DW O).

ones harder to refine, and for which the system must be more vigilant, exploiting them

directly in the utility computation is beneficial. Using the second formulation of the

utility function (µ2, A O) performs marginally better on both BAC and ATE against the

third formulation (µ3, A DW O). However, A DW O shows a slightly lower entropy in

the Café environment.

With this, we can conclude that having a dynamic weight between re-observation and

exploration based on the distance from the frontier point helps in keeping a better map

but slightly affects the exploration speed.
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In general, while both approaches seem beneficial, using µ2 (A O) seems to give them

more advantages. Note also that, in the current implementation, the visibility range

is computed on the 2D domain to keep the computation feasible. Therefore, we are

‘discarding’ a lot of information since many flat surfaces or cells behind low objects can

potentially be seen from any given point of view.

The objective of A L is to show that our approach has no issues in completely ex-

ploring the environment while keeping the path shorter and the same final normalized

entropy. Moreover, we also find that if run for a longer time, our approach further refines

its results and reaches better metrics overall. Finally, the slightly lower final explored

area of our method with respect to OL 2 3 is explained by two main factors. Foremost,

the computations of the first level of activeness cause a natural overhead that, despite

being reduced by the frustum overlap, is still significant. An improvement in this would

be considering an approximated raycasting technique rather than a complete one.

Secondly, both the third level of activeness and the computation of the next waypoint

optimal heading cause a slight start and stop behavior. This can be clearly seen also in

both Figure 2.8 and Figure 2.9 when comparing OL [1,2] with OL [1,2] 3. Anyway, a

finer tuning of the parameters should solve this problem.
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Figure 2.13: Average time and path length evolution of our experiments in the Café

environment using iRotate on our omnidirectional configuration, A, and the same method

combined with the merged odometry strategy, A M.

Non-Omnidirectional Robots

Considering A M and A, it is clear from the experiments performed on both environ-

ments that our proposed way of merging state estimates does not alter the results with

respect to the considered baseline. There are minimal differences in the mean and stan-

dard deviation values (see Table 2.5 and Table 2.6), but nothing that indicates an overall

change in performance. Thus, even though our merged odometry has a higher uncer-
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tainty in all the estimates, especially in the yaw velocity, the SLAM framework remains

unaffected. As expected, the final entropy, total path length, and exploration speed are

similar among the two considered trials as depicted in Figure 2.13 and Figure 2.14.

BAC
Per meter

wheels’ rotation
ATE RMSE

Per meter

loops

mean std mean std mean std mean std

A M 0.774 0.033 66.423 5.934 0.050 0.036 4.868 0.499

A 0.771 0.022 65.781 4.532 0.059 0.028 4.965 0.596

HH M 0.793 0.016 57.927 5.198 0.025 0.013 5.180 0.503

HH 0.778 0.027 61.441 8.460 0.042 0.021 4.367 0.508

OC M 0.784 0.024 55.494 5.007 0.027 0.034 7.608 0.699

OC 0.755 0.040 56.064 6.023 0.038 0.035 7.081 0.607

Y0 M 0.728 0.033 55.770 2.941 0.022 0.006 7.452 0.577

Y0 0.705 0.058 57.774 6.904 0.031 0.018 9.486 1.119

Table 2.5: Results obtained in the Café environment comparing omnidirectional and non-

omnidirectional configurations. We report the average and standard deviation over 20

successful trials for the balanced accuracy (BAC), the absolute trajectory error (ATE, in

m), the number of loop closures per meter traveled, and the amount of rotation of each

wheel per meter of the trajectory (in rad
s

). The results are shown using the standard and

the proposed merged ( M) state estimates.

BAC
Per meter

wheels’ rotation
ATE RMSE

Per meter

loops

mean std mean std mean std mean std

A M 0.810 0.019 64.514 5.144 0.056 0.031 4.634 0.525

A 0.818 0.015 63.043 2.540 0.051 0.020 4.692 0.382

HH M 0.825 0.017 53.635 3.016 0.027 0.013 4.788 0.398

HH 0.808 0.014 54.618 4.872 0.038 0.016 3.659 0.492

OC M 0.832 0.012 50.232 2.242 0.026 0.017 7.447 0.742

OC 0.811 0.018 51.257 3.002 0.030 0.014 6.597 0.716

Y0 M 0.785 0.029 56.059 1.861 0.032 0.009 7.334 0.532

Y0 0.742 0.047 61.938 12.097 0.035 0.022 9.642 1.422

Table 2.6: Results obtained in the Small House environment comparing omnidirectional

and non-omnidirectional configurations. We report the average and standard deviation

over 20 successful trials for the balanced accuracy (BAC), the absolute trajectory error

(ATE, in m), the number of loop closures per meter traveled, and the amount of rotation

of each wheel per meter of the trajectory (in rad
s

). The results are shown using the stan-

dard and the proposed merged ( M) state estimates.
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When the rotation of the camera is introduced, i.e. in HH, OC, and Y0, there are some

interesting results. First of all, if we compare the two state estimate definitions among

all experiments, we can see how the classical way of considering the camera rotation

as perfectly known is worse. This can be seen in both the environments considered,

looking either at Tables 2.5 and 2.6 or Figures 2.15 and 2.16. In general, there is an im-

provement of the BAC between ∼ 1.5% and ∼ 5%, comparing the merged state estimate

experiments against the vanilla counterparts. ATE is also reduced (between ∼ 10% and

∼ 40%) and loop closures are more frequent (between ∼ 10% and ∼ 30%) except in the

non-holonomic case. The most significant difference can be seen once we compare the

entropy evolution. In this, when we compare the merged state estimate approach with re-

spect to the vanilla variations for all the platforms (HH, OC, and Y0) we can see how the

initial evolution is comparable in the first ∼ 20 m of the trajectory and, after this point,

they diverge. The bigger difference can be observed in both the couples HH M-HH and

OC M-OC. Finally, Y0 M shows the smallest difference in terms of normalized entropy

but also has the shortest traveled path. The Active SLAM method indeed has influence

with respect to entropy evolution, but, since the exploration profiles are equivalent be-

tween all the alternatives with respect to their vanilla counterparts, we can safely infer

that the difference in the performance is not due to this building block. Most likely, the

main problem here is the robot registering an orientation for the camera and, when loop

closures happen, the drift and the uncertainty of that are not considered and have a clear

effect on the overall final estimation, i.e. the exact issue we sought to tackle.
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Figure 2.14: Average time and path length evolution of our experiments in the Small

House environment using iRotate on our omnidirectional configuration, A, and the same

method combined with the merged odometry strategy, A M.

Comparing the results obtained with these three platforms with respect to the omnidi-

rectional baseline, we notice how our iRotate approach is indeed usable and can gener-

alize well to non-omnidirectional robots. We first highlight the overall energy reduction

that the approach proposed in this chapter brings. When we rotate both the robot and
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camera, even if we maintain the coupled maximum rotational speed, the system achieves

∼ 20% less total wheel rotation per meter traveled. This implies that the rotation of the

camera is capable of reducing the rotation of the robot, further optimizing its movements.

This is indeed reflected in every considered metric and in the fact that we perform

∼ 10% longer paths within the same time window, suggesting a better optimization and

faster reaching of the desired waypoints’ orientations. Anyway, this does not result in

longer paths since the exploration profiles are comparable.
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Figure 2.15: Average time and path length evolution of our experiments in the Café

environment using different non-omnidirectional configurations (HH, OC, Y0) and the

merged odometry strategy ( M).
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Figure 2.16: Average time and path length evolution of our experiments in the Small

House environment using different non-omnidirectional configurations (HH, OC, Y0)

and the merged odometry strategy ( M).
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Moreover, we can see how the semi-holonomic robot (OC) is capable of obtaining even

better performance with a lower normalized entropy while keeping a low wheel rotation

amount. In terms of ATE and BAC, it is quite similar to the HH method, underperforming

slightly in the Cafè environment while getting better results in the Small House. In this

case, avoiding the rotation of the base of the robot brings more loop closures, probably

linked to the fact that it is easier for the system to match 2D laser scans.

Altogether, these factors indeed help the system in achieving these results. One should

also note that, in this scenario, the RTAB-Map system actually ‘thinks’ that the robot is

rotating during the experiment, further proving the goodness of both camera rotation (in

terms of efficiency) and our merged estimation strategy. It is worth noticing that with-

out the camera rotation, a holonomic robot would have a very inefficient start and stop

behavior to follow the desired heading that continuously changes along the trajectory.

Finally, the non-holonomic robot (Y0 M and Y0) is the worst in terms of BAC. This

is probably linked to the fact that it is capable of exploring a much lower amount of

area, which lowers the balanced accuracy performance. In this case, we should also note

that we did not optimize the trajectory or waypoints for a non-holonomic robot to keep

the comparison as fair as possible. Performing such optimization would be beneficial,

especially for the total explored area. The higher number of loop closures of Y0 can be

linked to the slow movement and the lower amount of area seen despite the comparable

path length.

2.6.5 Real Robot Experiments

The experiments with our real robot consist of five runs of five minutes each in a custom

office-like environment that is depicted in Figure 2.1. For safety reasons, the speed of the

robot has been limited to 0.25 m
s

. For this set of experiments, the ground truth of both

the robot position and the map was not available and, therefore, the analysis can only be

done with respect to the area explored, the distance traveled, the final map entropy, and

the number of loop closures.

Omnidirectional Robots

We report the results obtained in the real environment using an omnidirectional config-

uration in Table 2.7 and Figure 2.18, while a representation of the constructed maps is

shown in Figure 2.17.

The results obtained in the real world, in general, have the same trend as our simulation

experiments, further validating our approach. Most importantly, as seen in Figure 2.18,

our complete approach A achieves the shortest path length and explores the maximum

area while keeping a fairly low entropy. Both A O and A DW O, i.e. the methods using

our new proposed utilities, are the best ones considering the final normalized entropy and

the average loop closures.
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Figure 2.18: Average time and path length evolution of our experiments in a real world

environment using a real omnidirectional robot with our complete approach (A), its varia-

tions using different utility formulations (A DW O and A O), and the best OL variations

(OL 0 and OL 2 3).

Area
Normalized

Entropy

Per meter

Loops

mean std mean std mean std

A 83.257 13.239 0.283 0.054 2.228 1.488

A O 69.993 5.205 0.249 0.042 3.852 1.434

A DW O 73.344 1.371 0.235 0.015 3.051 1.611

OL 0 76.037 5.774 0.319 0.101 2.397 1.057

OL 2 3 72.924 18.419 0.266 0.041 1.016 0.384

Table 2.7: Results were obtained in a real world environment using the omnidirectional

configuration. We report the average and standard deviation over 5 successful trials for

the area explored (m2), the entropy normalized on the explored area at the end of the

experiment, and the number of loop closures per meter traveled.

Furthermore, we can see in Table 2.7 that OL 0 achieves more loop closures than

OL 2 3, despite having a much higher normalized entropy. This is slightly in contrast

with the simulation results. Finally, even if the real robot experiments are less statisti-

cally significant than the simulation ones, they indicate that our three levels of activeness

improve the final results in all the compared metrics. Lastly, it must be noted that we

get longer paths with A O and A DW O. This is most likely linked to the robot’s very

low velocity. While these two methods facilitate longer and more informative paths, the

OL-approaches usually focus on the nearest frontier. In the A O and A DW O methods,

the robot suffers from several start-and-stop instances and the continuous necessity to

recompute goals.

63



Chapter 2 Human-like Autonomous Exploration

Non-Omnidirectional Robots

The real robot environment used for these experiments is not the same as the one used in

the previous section but has been reconstructed similarly. The experiments’ results are

reported in Table 2.8 and Figure 2.19. Notably, the encoder necessary to read and refine

the camera rotational movement through the EKF was not available. Moreover, the PID

controller used caused a considerable delay any time it had to initiate the rotation of the

camera due to inertia and friction forces. Moreover, since the wheels’ encoder readings

were unavailable, we cannot directly distinguish between the camera and the robot’s

rotations. To approximate that, we computed the total turn of the robot base and the

camera using the SLAM graph nodes’ information. Note that this differentiation is there

only in the case where the merged estimate is not used. Also, unlike the simulation, this

measurement is not fully indicative of the total rotation during the experiment. Therefore,

in Table 2.8, the estimated rotation amounts are expressed separately for all methods in

which the merged state estimate is not used. In the other cases, the merged one is being

reported in the ‘Robot’s rotation’ row. Finally, while the linear speed is the same as

the previously run experiments, i.e. 0.3 m
s

, the angular speed has been increased to 1
rad
s

(from 0.5) which caused the robotic platform to perform more harsh and inaccurate

rotational movements.

A OC OC M HH HH M

Area
mean 72.348 86.973 74.072 72.729 73.033

std 8.710 7.397 12.473 7.903 12.496

Robot’s rotation
mean 1.675 0.228 3.070 1.684 2.804

std 0.250 0.032 0.313 0.362 0.960

Camera’s rotation
mean 0.227 2.580 — 1.419 —

std 0.023 0.456 — 0.839 —

Path Length
mean 28.526 24.255 24.677 24.978 26.846

std 2.516 3.093 2.231 6.794 4.128

Loops per m
mean 0.370 0.920 2.200 0.820 1.570

std 0.470 0.900 1.530 0.650 2.300

Table 2.8: Results obtained in a real world environment comparing omnidirectional and

non-omnidirectional configurations. We report the average and standard deviation over

5 successful trials for the area explored (m2), the total robot’s and camera’s rotations per

meter of the trajectory ( rad
s

), the path length (m), and the number of loop closures per

meter traveled.

The first thing we notice when analyzing the results is the minor disparities observed

between the results in Table 2.8 and those obtained from the previous real-world testing

(Table 2.7). Those are to be attributed to the diverse environment configuration, which

resulted in different paths and observed features, and to the estimation of the camera’s
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rotation relative to the base of the robot. Those two main factors combined caused a

lower number of loop closures and a higher map entropy. Moreover, as shown in Ta-

ble 2.8, we can see that the total amount of area explored by A and the other platforms

is comparable, but the non-omnidirectional configurations achieve it with much shorter

paths. Notably, OC has a higher exploration amount, ∼ 20%, with respect to the baseline

A. This, combined with the shorter path and the fact that the robot is not rotating in OC,

shows the clear benefits of our approach also in the real world. OC is less affected by

the PID delay because the continuous rotation input from the NMPC causes the camera

to rarely stop. The ease of control and the fact that the RTAB-Map is not aware of the

noise related to the camera orientation are linked to the outperforming exploration speed

of OC.
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Figure 2.19: Average time and path length evolution of our experiments in a real world

environment using our complete approach with an omnidirectional platform (A), its non-

omnidirectional variations (HH and OC), using both the classical and the new merged

( M) state estimate.

Comparing the approximated total estimated rotation, even when the system is forced

to not rotate one of the two components (i.e. A, OC), it estimates ∼ 0.23 radians per

meter traveled of rotation, while, ideally, this number should be ∼ 0. Thus, it is clear how

the system has, in this scenario, more difficulties in estimating the map (higher entropy)

and recognizing places (lower loop closures) with respect to our previous results. HH

base’s rotation amount is comparable to A due to the aforementioned PID’s delay that

had to be compensated by the robot’s rotational movement. Despite that, HH shows some

benefits even in these brief experiments by having shorter paths with respect to A but

with higher exploration speed. Thus, rotating both the camera and the robot, apart from

having a theoretical energy-saving advantage and despite the higher control complexity,

can bring a benefit to the overall system. We can also notice how the rotational movement

per meter is higher in both OC and HH, showing a more effective control strategy.

Finally, it is interesting to notice that, despite the missing encoder, the method of merg-
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ing the state estimates seems promising. We can see from Table 2.8 that the loop closures

benefit from this kind of representation, even if the added noise degrades the estimation

of the map in terms of normalized entropy by a small amount (∼ 5%, see Figure 2.19).

The bigger difference can be seen comparing OC M and OC, but, as mentioned before,

the performance of OC could be a bit misleading on its own. Overall, given some lim-

itations of our hardware platform, these results show both the usability of our approach

with different robotic platforms, the benefits of rotating both the camera and the robot

simultaneously, and the goodness of the proposed merging strategy for state estimates.

2.7 Conclusions

In this chapter, we presented a novel Active V-SLAM method, iRotate. Our approach

consists of the combination of three levels of activeness. In the first level, the robot

selects goals and decides on the most informative paths to them. The second level re-

optimizes waypoints along the path in a way such that the real time updated map in-

formation is continuously exploited. The third level of activeness ensures that the robot

orientations have maximum visual feature visibility. This eventually ensures better lo-

calization accuracy, in addition to lower map entropy. One of the most significant results

of our approach is that it requires up to 39% less path traversal to obtain similarly good

coverage and lower map entropy compared to methods that are tuned versions of the

state-of-the-art approaches [33]. We demonstrated the efficacy of our method both in

simulation and in real-world scenarios.

We have also shown how we can apply iRotate to different robotic platforms. While

the mapping performance is not being affected much by which robotic platform is being

used, it has been shown how an independent camera rotation yields lower energy con-

sumption, comparable or higher amount of loop closures, lower ATE, and shorter path

lengths. Moreover, the proposed merged state estimate has shown promising results in

both simulation and real world experiments, despite the limitations of the latter ones.

Note that using a ‘full’ holonomic robot could further optimize the energy consumption

in that scenario. A small in-place rotation could indeed align the robot with the move-

ment direction, thus avoiding the rotation movement of one of the wheels. Concerning

HH, a diversified control strategy might be applied by seeking energy efficiency with the

base and reaching the desired orientation with the camera. This could further reduce the

overall energy consumption of the system.
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Photorealistic Simulations: Bridging
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Photorealistic synthetic data and novel rendering techniques significantly advanced

computer vision research. However, datasets focused on computer vision applications

cannot be easily applied to robotics because they typically lack physics-related infor-

mation. This, combined with the difficulties of realistically simulating dynamic worlds

and the insufficient photorealism, flexibility, and control options of common robotics

simulation frameworks, hinders progress in (visual-)perception research for autonomous

robotics. For instance, most V-SLAM methods are passive, developed under a (semi-

)static environment assumption (including the just presented iRotate), and evaluated on

just a limited number of pre-recorded datasets. To address these challenges, we present a

highly customizable framework built upon NVIDIA Isaac Sim for Generating Realistic

And Dynamic Environments - GRADE. GRADE leverages Isaac’s rendering capabili-

ties, physics engine, and low-level APIs to populate and manage realistic simulations,

generate synthetic data, and evaluate online and offline robotics approaches, including

Active SLAM and heterogeneous multi-robot scenarios. Within GRADE, we introduce

a novel experiment repetition approach (Section 3.4.3) that allows environmental, sen-

sors, and scenario variations of previous simulations within physics-enabled environ-

ments. This enables flexible and continuous testing, development, and data generation,

with fine control of the underlying conditions without necessarily changing the funda-

mental aspects and progress of the repeated experiment itself. We then use GRADE to

collect a high-fidelity and richly annotated synthetic video dataset of indoor dynamic

environments (Section 3.5). With that, we train detection and segmentation models for

humans and successfully address the syn-to-real gap, paving the way for our ZebraPose

work (Chapter 5). In Chapter 4, we will leverage GRADE to benchmark state-of-the-art

dynamic V-SLAM algorithms, revealing their limitations in tracking times and gener-

alization capabilities, and evidencing that top-performing deep learning models do not

necessarily lead to the best SLAM performance. This will lay out the basis of our Dy-

namic V-SLAM approach - DynaPix - which will be introduced in Section 4.4. The rest

of this chapter is organized as follows: we will first present the problem in Section 3.1.

In Section 3.2, we review the related work about i) robotics simulators, ii) indoor envi-

ronments datasets, and iii) simulated animated humans. In Section 3.3, we introduce and

detail the main components of the proposed framework, GRADE, in four main aspects:

i) asset preparation, ii) robot creation and control, iii) simulation management, and iv)

post-processing tools. Section 3.4 is then dedicated to exemplifying four different case

studies implemented with GRADE. In there, we also introduce our novel experiment rep-

etition approach. Following that, in Section 3.5 we provide details of the data generation

procedure and the datasets released with this work, which will be used in our syn-to-

real (Section 3.6) and Dynamic V-SLAM (Section 4.3) experiments. The experiments

and results reported in this chapter in Section 3.6 include an analysis of the experiment

repetition tool and the syn-to-real learning performance using the generated data on the

tasks of human detection and segmentation in indoor environments. Finally, we report

our conclusions and final remarks in Section 3.7. GRADE’s code and generated data are

provided as open-source at https://grade.is.tue.mpg.de.
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3.1 Introduction

Directly conducting robotic experiments in the real world to test and validate new ap-

proaches can pose safety risks. Unforeseen failures of methods and sensors, corner

cases, or loss of control of the autonomous robot platform may easily lead to damages

or injuries. This problem is further exacerbated when the robot relies on exterocep-

tive sensors: noise, domain shifts, and the lack of formal performance guarantees or

uncertainty quantification in most deep learning (DL) models can make behaviors un-

predictable. Surely, pre-recorded datasets have been widely used to develop and evaluate

new approaches. Those designed for computer vision research, such as [129, 187, 229],

are visually appealing due to the use of real-world images or advanced rendering engines

like Blender1 and Unreal Engine (UE2). However, the absence of basic sensor readings

(e.g. IMU, LiDAR), sensor states (e.g. position, orientation, velocity), and (in general)

temporal information restricts their applicability in robotics contexts, where physics- and

time-related information is necessary.

At the same time, gathering ground-truth data for robotics poses significant challenges.

In addition to the safety risks, accurately measuring physical quantities can be intri-

cate, time-intensive, and impractical. Even when feasible, it demands costly specialized

sensors requiring rigorous calibration and synchronization — both among themselves

and with other hardware like cameras — making the process particularly difficult. For

example, despite the centrality of the problem to higher-level tasks, there exist only a

handful of real-world SLAM benchmark datasets with ground-truth information, espe-

cially for dynamic environments [26,27,74,211]. Furthermore, relying solely on already

available datasets for real-world robotic applications is not straightforward due to differ-

ences in robot form factors (e.g. sensor placement), sensor configurations (e.g. camera

focal length, sensor publishing frequency), and different noise models. This requires

researchers to rely on their own data or a limited selection of datasets, which can over-

fit specific scenarios and hinder reproducibility, robustness, and broader deployment.

Finally, datasets are “fixed” in time, as one cannot introduce new sensors or modify

recorded environmental conditions (e.g. removing dynamic elements or changing light-

ing conditions) after data collection. This limitation further restricts their usage, making

them inadequate for evaluating methods that require real-time dynamic decision-making,

such as obstacle avoidance, environment interaction, or Active SLAM.

Therefore, to overcome the static nature of pre-recorded datasets and facilitate the

safe development and evaluation of robotics methods, simulation engines such as

Gazebo [110] and WeBots [146] are widely used. However, with those, it is often chal-

lenging to i) obtain and finely control realistic animated rigid and non-rigid assets, ii)

simulate dynamic environments, iii) customize and control the simulation engines, and

thus iv) bridge the gap between simulations and the real world. Moreover, the low visual

1http://www.blender.org
2https://www.unrealengine.com
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Figure 3.1: Example scenes generated by GRADE with overlaid drones. This figure

shows two different scenarios simulated with GRADE. [Left] An outdoor savanna envi-

ronment with manually placed animated zebras (the same scene is also present in Fig-

ure 3.3e). [Right] An indoor environment with animated humans (also present in Fig-

ures 3.3b to 3.3d, 3.8 and 3.9). The UAVs and the UGV (in the right image only) are

captured in the scene itself from an external point of view and then manually overlaid

to highlight their movement in the environment (similar to Figures 3.5a and 3.5b). The

savanna world and the animated zebras are freely available assets we obtained from the

Unreal Engine and SketchFab marketplaces. The 3D-Front indoor environment (on the

right), populated with animated SMPL humans from the Cloth3D dataset, resembles a

scene that we used to generate the data used by our neural networks and evaluate Dy-

namic V-SLAM approaches. This indoor scene has been automatically created using our

data generation procedure, including the placement of the dynamic assets. The scene on

the left is used only to evaluate the generalization of the method to different environ-

ments and assets. Scenes similar to the one on the right are used both for training our

syn-to-real detection and segmentation models in Section 3.6.2 and to evaluate Dynamic

V-SLAM approaches in Section 4.3.
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fidelity of many robotics simulators exacerbates the sim-to-real transfer gap. As a result,

most robotics research is conducted in highly controlled scenarios with several simpli-

fying assumptions. Indeed, although (non-)rigid moving objects are common in real

life and significantly affect vision-based localization or navigation methods, many cur-

rent approaches still assume a (semi-)static world [1, 26, 191] or use simplified dynamic

environments composed of basic 3D shapes [197, 241]. Overall, this is detrimental to

developing and evaluating robotic systems, which depend heavily on visual perception

and must operate reliably in realistic, dynamic environments. Thus, it is imperative to

have a simulation framework that incorporates at least the following key characteristics:

i) physical realism - to correctly simulate dynamics, ii) photorealism - to reduce the per-

ception gap, iii) low-level software access - to allow full control, and iv) the capability to

simulate dynamic entities - to enable widespread deployment. Integration with ROS, al-

though optional, would further encourage wider adoption of such a framework, given its

common use in developing higher-level software that functions simultaneously in both

simulation and real robots. In short, an easily controllable simulation that closely re-

sembles the real world with a minimal sim-to-real gap is essential to enable quick and

reliable real-world deployment of robotic methods.

To address these issues, we present a solution for Generating Realistic And Dynamic

Environments — GRADE. GRADE is a flexible, controllable, customizable, photorealis-

tic, ROS-integrated pipeline that can produce visually realistic data in physically enabled

environments. GRADE is built directly upon NVIDIA Isaac Sim3, leveraging its render-

ing and PhysX engines. In contrast to existing methods, GRADE is not merely a new

benchmarking approach or an application-specific platform; instead, it provides an open

system that can be easily expanded towards different research goals. We make available a

set of functions, tools, and case studies that serve as an entry point with low-level access

to Isaac Sim’s capabilities. This enables researchers to easily customize simulations to

meet their needs and further bridge the gap between simulation and real-world scenarios.

A sample image generated with GRADE, displaying diverse subjects, environments, and

overlaid robots, is shown in Figure 3.1.

Here, we introduce different case studies highlighting GRADE’s versatility, includ-

ing (unconstrained) data collection (Section 3.4.1), Active V-SLAM, and heteroge-

neous multi-robot simulations (Section 3.4.2). Among those, we also introduce a novel

experiment-repetition procedure (Section 3.4.3) that enables the exact reproduction of

simulation trials under varying environmental conditions and adjustments to the robot’s

settings and equipment, all within a physically controlled environment. We then use

GRADE to automatically generate a novel extensive dataset, which we release publicly,

collected in indoor dynamic environments (Section 3.5). We employ this dataset, con-

sisting of more than 615K frames, to assess the visual realism of the simulation through

extensive experiments on human detection and segmentation with YOLOv5 [102] and

Mask R-CNN [84], demonstrating strong sim-to-real performance. Indeed, our results

3https://developer.nvidia.com/isaac-sim
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highlight that pre-training with GRADE-generated data enables models to outperform

the baseline on the COCO [129] dataset. Moreover, training with synthetic images alone

achieves results comparable to the baseline, even without any fine-tuning, on the TUM

RGB-D [211] dynamic sequences.

3.2 Related Works

In this Section, we present the state-of-the-art of robotics simulators (Section 3.2.1) and

of the main components of our data generation procedure, namely indoor environments

datasets (Section 3.2.2) and simulated animated humans (Section 3.2.3).

3.2.1 Robotics Simulators

Gazebo [64, 190] is one of the go-to robotics simulator choices thanks to its simplicity,

reliable physics engine, and ROS [171] integration. However, it lacks photorealism and

full simulation control, supports only a limited range of assets and worlds, and struggles

to deliver real-time performance, even for single robots in simple worlds with minimal

rendering necessities [2, 155, 163]. For example, Gazebo has been used in the context

of bridging the perception gap between real and simulated environments by Bayraktar

et al. [12]. They introduced ADORESet, a hybrid image dataset. The combination of

real and synthetic images in ADORESet aims to improve the robustness of computer

vision systems by leveraging the strengths of both data types. However, contrary to what

we will show in our results, their data does not generalize to the real world as shown

in Table 6 of their paper. This is likely due to the low realism of Gazebo. Alternatives

such as BenchBot [220], AirSim [196], Ai2Thor [111], iGibson [198], AI-Habitat [192],

and Sim4CV [151] all lack essential features such as low-level simulation controllabil-

ity, ROS integration, or realistic physics and visual fidelity. Additionally, some simula-

tors model only rigid objects [110, 192] or do not include dynamic assets, as this would

introduce challenges for their correct placement, management, or generation. Finally,

computer-vision-focused simulators like Sim4CV or Kubric [78] are difficult to adapt

for robot simulations, as they lack many robotics-specific sensors, accurate physics sim-

ulations, and support for robotics platforms and ROS.

Among robotic simulators, AirSim seeks to bridge the visual realism gap by building

on top of Unreal Engine. However, it provides limited APIs, lacks support for custom

or multiple heterogeneous robots, and does not enable direct joint control. Its native

integration with ROS is also loose and incomplete4,5,6. Ai2Thor, designed primarily for

AI and visual tasks, is not customizable for general robotics purposes, as it lacks essential

4https://github.com/microsoft/AirSim/discussions/3556
5https://github.com/mitchellspryn/UrdfSim
6https://github.com/microsoft/AirSim/issues/3630

72

https://github.com/microsoft/AirSim/discussions/3556
https://github.com/mitchellspryn/UrdfSim
https://github.com/microsoft/AirSim/issues/3630


3.2 Related Works

sensor interfaces, such as IMUs and LiDARs7,8, and does not offer native ROS support9.

Similarly, AI-Habitat is mainly focused on navigation tasks. Although a community

plugin exists for ROS integration [39], it is an external package with limited support

rather than a core feature, e.g. currently it does not support ROS2 or Habitat2.010.

Notably, Habitat3.0 [167], which was released recently and concurrently to GRADE,

allows the integration of only human animations based on the SMPL-X model [159],

resulting in a much narrower scope compared to our approach. Moreover, both Habi-

tat2.0 [218] and 3.0 support only rigid objects, limiting the realism of the simulation,

a problem not present in Isaac Sim. iGibson [198] focuses instead on interactive envi-

ronments with enhanced characteristics like temperature or wetness. However, its initial

version was not customizable or expandable to different tasks, such as navigation and lo-

calization, and offered limited visual realism. To solve the realism issue, it was recently

ported to Isaac Sim as OmniGibson [121]. Their motivations for using Isaac Sim align

closely with ours, i.e. recognizing the limitations of other simulation frameworks, lever-

aging Isaac’s physical and visual realism, and allowing for higher flexibility. However,

different from GRADE, OmniGibson primarily functions as a plug-in to add characteris-

tics such as temperature and dirtiness control, focusing on indoor activities, without any

simulated dynamic humans11, and it was published at the same time of GRADE.

Recent simulation platforms have also introduced novel approaches to robotic learning

and environment modeling. Genesis12, a newly proposed physics engine, aims to support

general-purpose robotics, embodied AI, and physical AI applications. While details re-

main unpublished, it appears to offer diverse material simulation, a lightweight robotics

environment, and high-fidelity rendering. If integrated with ROS, it could rival Isaac Sim

and GRADE. Similarly, RoboGen [236] employs foundation and generative models in

a propose-generate-learn cycle for autonomous skill acquisition but lacks ROS support

and focuses on RL and manipulation tasks. Therefore, a more direct comparison for

RoboGen would be Isaac Lab13 (formerly Isaac Gym14), which is specifically designed

for training RL and robotic tasks.

Finally, BenchBot [220] and its extension BEAR [81] are two solutions aimed at intro-

ducing a procedural way to benchmark (active) SLAM methods using Isaac Sim. How-

ever, they do not include any dynamic assets natively and, as a benchmark suite, are a

closed system by nature. They also employ fixed control policies that could be unrealis-

tic for most robots (e.g. 1 cm and 1◦ goal position accuracies). Then, due to their limited

scope and the additional API layers between the user and the simulator itself, they lack

7https://github.com/allenai/ai2thor/issues/444
8https://github.com/allenai/ai2thor/issues/349
9https://github.com/allenai/ai2thor/issues/271

10https://github.com/ericchen321/ros x habitat/issues/25
11https://github.com/StanfordVL/OmniGibson/issues/116
12https://genesis-embodied-ai.github.io/
13https://isaac-sim.github.io/IsaacLab/main/index.html
14https://developer.nvidia.com/isaac-gym
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the desirable customization possibilities, while being quite limited in their scope. For

example, it is hard to integrate already-developed methods to control robots, or adapt the

system to different platforms or tasks, as they only provide a limited set of predefined

actions (i.e. move [next, angle, distance]).

In contrast to previous approaches, GRADE supports multiple robots, Software-In-

the-Loop (SIL), and ROS packages, and offers a customizable system where tools, set-

tings, and simulation runs can be personalized to meet the specific needs of the researcher

at the same time. By leveraging Isaac Sim, GRADE provides a highly flexible simula-

tion system where various components can be adjusted, modified, or redefined. Its core

strength lies in a modular architecture allowing researchers to customize the simulation

pipeline to fit their specific needs. Unlike simulators focused on benchmarking particular

approaches like Active SLAM, GRADE supports diverse experiments, including those

that bypass the physics engine for efficient photorealistic data generation. It also intro-

duces an independent automatic procedural asset placement system that can be replaced

as needed and is not restricted to specific robots or perception systems. By exposing

low-level functionalities, GRADE enables a degree of customization that is difficult to

achieve in many existing frameworks. This ensures that researchers can modify and

personalize their pipeline — from scene generation to control execution — making it a

powerful tool for robotics and computer vision research.

3.2.2 Indoor Environments Datasets

There are two main ways in which we can represent indoor scenes within a simulation

environment [180]: scans of real-world environments or posed meshed objects. Using

scans of the real-world, e.g. HM3D [173], Matterport3D [35], Gibson Env [243], Sce-

neNN [91], Replica [210], or Structured3D [265], poses several issues. First, those are

non-interactive environments in which all the objects are non-movable. Second, any new

object or asset placed within the environment will not be lit correctly and will not realisti-

cally affect the scene with shadows or reflections. Finally, many of these present various

artifacts, e.g. unrealistic-looking objects, holes in the reconstruction due to reflective

surfaces or unmapped areas, and uneven surfaces [180].

Using worlds based on meshed 3D assets addresses these problems while also allowing

randomization (e.g. on textures, and object placement) and, eventually, interaction. How-

ever, datasets based on those, like ML-Hypersim [178] and InteriorNet [124], usually rely

on non-freely available elements and only release rendered images, making them unus-

able for our purposes. These factors limit their adoption, reproduction, and expansion.

Furthermore, the InteriorNet simulator has not been made available, while HyperSim’s

engine is not physics-based and its sequences relate only to very short trajectories (just

100 frames). ProcThor [51] is a recently developed framework to procedurally generate

environments. However, it is limited in the quality of the assets and usable only within

the Ai2THOR suite, which is focused on visual AI rather than robotics and offers no

ROS support. OpenRooms [127] has not yet released any assets or CAD models pub-
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licly. 3D-Front [69, 70] is a large publicly available dataset with meshed, professionally

designed, and semantically annotated room layouts. This is, by far, the largest dataset

available nowadays based on meshes that can be adopted. However, the annotations are

not perfect and objects sometimes co-penetrate each other [106]. Finally, HSSD [106] is

a synthetic Matterport-like dataset of indoor scenes. While this is a viable alternative to

3D-Front, it is still much smaller and does not provide light sources. The five environ-

ments released with BEAR [81] in five variations each are only slight modifications of

worlds commercially available from Evermotion. Finally, we must mention that recently

a mesh-based generation strategy for indoor environments, Infinigen Indoor [172], has

been released. As it is already usable with Omniverse, it can be easily integrated into

GRADE, allowing it to scale the automatic testing and data generation considerably by

removing the necessity of limited mesh-based datasets.

Commercial solutions such as ArchVizPRO15 and Evermotion16 offer high-quality

assets but are not freely available. In GRADE, we adopt 3D-Front for our simulations due

to its accessibility, large variability, and mesh-based nature, which eliminates lighting

inconsistencies. As discussed in Section 3.3.1, beyond seamlessly integrating them with

Isaac Sim in our data generation procedure and in our custom automatic 3D-based asset

placement strategy, we further enhance these environments with randomized textures and

lighting conditions and partially refine the semantic mapping during conversion.

3.2.3 Simulated Animated Humans

Most dynamic content in indoor scenes comes from human movement. In V-SLAM

and autonomous robotics, handling dynamic elements is crucial, as they disrupt key pro-

cesses [17, 131] (e.g. loop closures, visual odometry) or necessitate the implementation

of additional techinques [231] (e.g. dynamic obstacle avoidance). These challenges

are often addressed using DL methods for detection, segmentation, and motion predic-

tion [17, 231, 234], which require large-scale ground-truth datasets.

Collecting real-world GT human motion data is limited to controlled setups like Vi-

con Halls or motion capture (MoCap) systems [140], which use multi-camera marker-

based tracking for high-precision joint estimation. The humans can then be represented

virtually as parametric 3D human models that can be used for different tasks like 3D

human reconstruction [188, 245] and pose estimation [123, 187], even from single im-

ages. Those models can also provide fine control over pose, shape, and motion. Com-

monly used human body models include SCAPE [4], GHUM [246], and the SMPL se-

ries [138, 159, 181]. SMPL is arguably the most widely adopted thanks to its flexibility,

capability to model hands and facial expressions, and compatibility with various simula-

tion engines.

Unfortunately, MoCap and Vicon systems support only a narrow range of subjects,

15https://oneirosvr.com/portfolio/archvizpro/
16https://evermotion.org/
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clothing, and scenarios. To overcome these constraints, synthetic data has become in-

creasingly popular, leveraging parametric 3D human models rendered in engines like

Blender and Unreal Engine [20,187]. However, most of them have significant limitations.

Many are generated by compositing human figures onto static backgrounds [20, 59] or

capturing single-frame images rather than full video sequences [187, 253], often leading

to artifacts such as floating humans and incoherent placements [59, 168]. Clothing rep-

resentation is another challenge, as most SMPL-based datasets lack 3D clothing [229] or

rely on explicit point-cloud-based models [85, 212, 233], which are difficult to edit and

integrate into simulations. This is partly due to their use in rendering engines without

physics simulation and the predominant research focus on human shape over clothing

dynamics. Commercial solutions like RenderPeople17 or CLO18 offer realistic clothed

human models, but freely available datasets with animated clothed SMPL humans re-

main rare. Notable exceptions include Cloth3D [15] and BEDLAM [20].

Still, as discussed in Section 3.1, existing datasets are often inadequate for robotics.

They lack key information needed for autonomous systems, such as camera states, IMU

readings, scene depth, and point-cloud data. Additionally, they are non-interactive, lim-

iting their applicability in developing autonomous systems that must respond to human

movement in real time. Advancing robotics research in dynamic environments requires

integrating animated human assets into realistic, robot-focused simulations, particularly

for tasks like obstacle avoidance and Active V-SLAM.

In GRADE, we use Cloth3D and AMASS as primary sources of animated human

models for indoor dynamic environments. Cloth3D provides diverse, physically plausi-

ble clothing deformations, while AMASS offers a large corpus of high-quality human

motion sequences. To integrate them into Isaac Sim, we developed a custom SMPL con-

verter, detailed in Section 3.3.1. Note that, although Isaac Sim also supports realistic

physics-based clothing simulation, we did not use this capability in GRADE.

3.3 GRADE Components

Following the logical structure depicted in Figure 3.2, we outline here the key compo-

nents of GRADE: asset preparation and placement (Section 3.3.1), robot creation and

control (Section 3.3.2), simulation management (Section 3.3.3), and post-processing

tools (Section 3.3.4).

3.3.1 (Non-)Rigid Assets Preparation and Placement

Isaac Sim relies on the Universal Scene Description (USD) format, thus requiring the

conversion of assets into USD files before their integration into the simulations. This

process poses several challenges, as many objects or complex animated models cannot

17https://renderpeople.com/
18https://www.clo3d.com/
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be easily or directly converted. Nonetheless, adopting the USD format significantly en-

hances the overall flexibility of the system, enabling the inclusion of assets from various

sources, including UE, Blender, AutoCAD, Maya, and more, through Omniverse Con-

nectors19 and custom software — a common limitation for other simulation tools, such

as Gazebo or Habitat.

Environments

First, we prepare the assets that will be the robot’s working environments within our

simulation. Although Isaac Sim provides a converter for common OBJ and FBX files to

the USD format, this process often fails with complex models and hierarchies. More-

over, additional processing, like incorporating semantic classes, exporting supplemen-

tary data, or adjusting the scale of the environments, is generally desirable. Therefore,

we customize BlenderProc [54] to enable a reliable conversion and preparation of our

environments to the USD format. Specifically, we modify its 3D-Front processor by

fixing the texture generation, scaling of the assets, merging geometries, and refining the

semantic mapping procedure adopted specifically for the 3D-Front dataset [69] (our main

source of environments) to partially correct its wrong mappings26. We then export the

environment in USD, STL, and X3D formats. The USD file is loaded into Isaac Sim

during our simulations, while the X3D file can be easily converted into an octomap [88]

for subsequent evaluations. Additionally, we also compute the enclosing rectangle and

an approximated non-convex polygon that, along with the STL file, are used during the

assets placement procedure.

Objects

In addition to the environment itself, we aim to have the ability to include additional

objects within the simulation to increase its diversity and complexity. To achieve this, we

adapt the standard converter to be able to dynamically download and load various objects

at runtime from datasets such as Google Scanned Objects [57] (GSO) and ShapeNet [36].

These objects can then be placed randomly or at predefined locations, or animated as

flying entities through random, non-physics-enabled transformations.

19https://docs.omniverse.nvidia.com/connect/latest/connecting-to-omniverse.html
20https://github.com/eliabntt/animated human SMPL to USD
21https://github.com/eliabntt/Front3D to USD/
22https://github.com/eliabntt/moveit based collision checker and placement/
23https://github.com/eliabntt/custom 6dof joint controller
24https://github.com/eliabntt/grade-rr and https://github.com/eliabntt/ros isaac drone
25https://github.com/robot-perception-group/GRADE tools
26https://github.com/DLR-RM/BlenderProc/issues/430
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Pre-Animated Assets

The Omniverse connector that converts assets from Blender to the USD format works

well for simple animated assets. However, similar to the challenges faced with environ-

ment conversion, it fails when handling complex objects like SMPL-based animations.

As mentioned in Section 3.2.3, SMPL fittings are one of the most widespread mod-

els used to represent and control human pose and shape in simulations. Therefore, to

incorporate animated humans into our experiments with GRADE, we introduce a new

software tool based on Blender to automatically convert (clothed) SMPL animated se-

quences to USD format, e.g. from the Cloth3D dataset [15]. This tool allows us to

correctly process and load various pre-animated human assets into GRADE, performing

different pre-recorded motions as non-rigid entities, either through deformable meshes or

subsequent skeletal transformations. Additionally, we generate the STL of the 3D trace

of the animation. The STL files store the evolution of the 3D surface geometry occupied

by the animated humans and their clothing throughout their entire animated sequences.

By combining these with the STL representation of the environment (exported in the pre-

vious step), we construct a unified geometric representation that enables precise collision

detection. This is thus fundamental to our automatic placement procedure, as it allows

us to evaluate candidate positions and orientations of the animated assets efficiently.

Asset Placement

Given an environment and a set of (animated) assets, we should avoid physical overlap

among them. To this end, different strategies can be employed, such as hardcoding or

manually setting their locations in advance (as we do in Section 3.4.1). Still, to achieve

randomized data generation and seamless testing across diversified scenarios, the place-

ment procedure must be automated. However, simple 2D occupancy projections are not

a good approach in our case. As we use clothing animations and diversified actions (e.g.

jumping, dancing) the projected footprints, usually approximated with rectangles, can be

significantly larger than the human model itself. Thus, their overlap with other footprints

would not necessarily indicate a real collision. For instance, an animation where the

human arm passes over a table would indicate a collision when using a 2D occupancy

map of the world, even though they are not actually colliding with each other.

Therefore, with GRADE we introduce a custom placement strategy specifically tai-

lored for (clothed) animated humans, which we use in our data generation procedure

(see Section 3.5). The pseudocode of our approach is provided in Algorithm 3.1. First,

we load the STL files containing the 3D trace information of human and clothing anima-

tions along with the environment. The placement procedure is attempted up to 10 times

per asset; if a valid position is not found, the asset is discarded (Algorithm 3.1, line 8).

Each trial begins by selecting a candidate position and orientation for the asset origin.

To ensure broad coverage and variation across experiments, the position is chosen ran-

domly, uniformly distributed over the floorplan or enclosing rectangle (Algorithm 3.1,
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lines 9–13). The yaw orientation is instead uniformly chosen between 0 and 360 de-

grees. We then check for intersections between the candidate asset, the environment, and

any previously placed assets using the information we saved in the STL files. To bal-

ance realism and feasibility, we use an empirically determined collision threshold of 200

intersection points between the asset we are trying to place and any other mesh in the en-

vironment (Algorithm 3.1, line 15). Assets with fewer intersections remain in the scene

to prevent unnecessary rejection of minor overlaps, such as slight penetrations with plant

leaves or clothing. If the number of intersections exceeds this threshold, the placement

attempt fails, and the loop repeats. Otherwise, after a successful placement, the environ-

ment updates dynamically to account for newly added assets. We implement this through

a custom MoveIt interface, leveraging its integration with the Flexible Collision Library

(FCL) for checking collisions between meshes. Notably, GRADE’s modular and flexible

design enables seamless integration of alternative placement strategies when desired.

3.3.2 Robot Creation and Control

Creation

Theoretically, custom robots can be loaded into Isaac Sim through the integrated URDF

format converter. However, this does not work correctly for our robots - a three-wheeled

omnidirectional robot and a flying drone - due to incorrect scaling factors, missing parts

and joints, and improperly placed or absent sensors. To address these limitations, we

construct our robot platforms directly within Isaac Sim by adding revolute and transla-

tional joints to mesh objects and saving them as single USD files. Joint configurations

(e.g. limits, maximum speed) and sensor specifications (e.g. type, settings) can be pre-

defined in the USD model, similarly to URDF files, or loaded and modified dynamically

during the simulation. In GRADE, we implement the latter approach, enabling greater

flexibility compared to URDF definitions or USD pre-configurations. We load and con-

figure our robots entirely at runtime through simple Python code, including attributes

such as number, type, and position of sensors, joint stiffness and physical responses,

robot’s weight, and desired ROS topic names. These configurations can be set at the

start of a simulation or adjusted dynamically during the run itself. This workflow sim-

plifies the setup of custom robots and experiments, increasing control and flexibility of

the simulations compared to previous approaches. For instance, it enables the seamless

simulation of multiple heterogeneous robotic platforms, as shown in Section 3.4.2.

Control

Isaac Sim provides only a few default approaches to control assets and robot move-

ments. However, using teleportation or rigid and non-physics-based transformations

is inadequate for simulating realistic robot motions and collecting useful sensor data.

Nonetheless, these methods can be viable when physics information is unnecessary, such
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Algorithm 3.1 Pseudocode of our custom placement procedure.

Data:

WORLD: folder path of the static environment

ASSETS: list of paths of the assets to be placed

STRICT: boolean, if the random location should be inside the enclosing rectangle or the

tight boundaries

Result: List of triplets: assets, locations, and orientations

// Preparation

1 environment = load WORLD STL;

boundaries = load WORLD boundaries;

rectangle = load WORLD enclosing rectangle;

placed = [];

isGood = False;

// Main Loop

2 foreach elements of ASSETS do

3 asset = load element STL;

for i = 1 to 10 do

4 if STRICT then

5 position = uniform within boundaries;

6 else

7 position = uniform within enclosing rectangle;

8 end

9 yaw = uniform between (0,360);

isGood = CheckForCollision(environment, asset, position, yaw, limit=200);

if isGood then

10 break;

11 end

12 end

13 if isGood then

// Update the return vector

14 placed.append((element, position, yaw));

// Update the environment so that this asset is taken into

account in the future

15 environment.update((asset, position, yaw));

16 end

17 end

18 return placed;
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as when collecting only visual data (see Section 3.4.1). Additionally, Isaac Sim allows

direct joint control through low-level APIs via position or velocity setpoints, as applied

in our experiment repetition procedure (see Section 3.4.3). However, this requires pre-

configured waypoints and does not support pre-developed Software-In-the-Loop (SIL)

control frameworks commonly integrated through ROS and Gazebo. Alternatively, Isaac

Sim includes built-in motion and control models for a few specific platforms - an inef-

fective approach when working with custom robots that are not natively supported. For

example, BenchBot [220] relies on this feature to simulate ground robots, offering only

a narrow set of predefined commands, further constraining its flexibility and generality.

Moreover, Isaac Sim lacks support for fluid-dynamic physics, which is necessary for

simulating UAVs and, similarly to Gazebo, it does not model frictionless perpendicular

translation movements required for omnidirectional wheels. The recent PegasusSimula-

tor [96] addresses PX4 UAV control by directly applying force to the drone mesh, thus

still without simulating actual fluid dynamics. Our approach differs as we seek to allow

for custom robot simulation and control by employing a PID-based joint-level controller

to manage robot movements. We leverage the ROS communication system and joint def-

initions, receiving position or velocity setpoints from other software, such as (N)MPC

or Active SLAM frameworks, and convert them into low-level commands. The simula-

tion software then processes those and translates them into robot movements. The ROS

communication system is crucial for seamless integration with the Isaac Sim framework,

allowing us to assign velocity and position setpoints to each joint independently while

remaining agnostic to the underlying robot architecture. As a result, GRADE can support

multiple platforms, from UAVs to robotic arms, and is not limited to individual robots or

simple camera setups, unlike other simulators or frameworks.

3.3.3 Simulation Management

The main simulation cycle, which uses Isaac Sim APIs along with custom utilities, pri-

marily manages: i) starting and configuring the simulation environment, ii) loading, plac-

ing, and configuring assets and robots, iii) executing several randomization procedures,

iv) launching complementary ROS nodes when necessary, and v) managing simulation

steps (both physics and rendering) and data saving. Through this framework, we can

control various options, such as the number of dynamic assets, the initial location of the

robot, and the size of the physics and rendering steps. It also allows programmatic and

dynamic modification of environmental conditions, physics and rendering settings, light

colors and intensity, material reflection parameters, asset textures, and the time of day,

among others, thereby increasing the variability of simulations. This variability, along

with the ability to independently enable or disable physics and ROS, allows us to support

a wide range of simulation scenarios, thus enabling broader applicability.

In GRADE, we have explicitly implemented several illustrative simulations demon-

strating different desirable applications, including Active-SLAM-based exploration,

ROS-free data collection in a savanna environment with animated zebras, or experiment
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repetition, as described in Section 3.4. While Isaac Sim provides randomization and

ground-truth data-saving methodologies, we found these functionalities limited. With

GRADE, we expose and integrate the underlying methods directly into our simulation

management approach for a customized experience. In particular, the default data-saving

tool is restricted to camera-related information and executed each time a rendering call is

made. However, as multiple rendering calls are required to generate an accurate image of

complex environments due to path-tracing computations, this results in neither accurate

nor comprehensive data. To address these limitations, we modify the saving process to

gain finer control, fix various issues (e.g. segmentation ID overflow), and collect addi-

tional information, such as the camera’s vertical field of view and IMU measurements at

each timestep. Moreover, our finer control allows us to customize sensor and ROS mes-

sage rates independently of rendering and to access and modify the information before

publishing, for instance, to add noise or implement custom drop rates.

3.3.4 Post-Processing Tools

Real-world sensor data is inherently noisy, exhibiting issues like measurement drift in

IMUs, motion blur in images, and depth inaccuracies from sensors that follow expo-

nential noise models. Therefore, ground-truth data generated by the engine must be

processed to closely replicate real-world conditions, which is essential for training ro-

bust DL systems and evaluating methods such as Dynamic V-SLAM. Noise could also

be introduced at runtime by modifying the data from the simulator before it is saved or

published by ROS nodes. However, post-processing the saved ground-truth data offers

greater flexibility by allowing, for example, multiple experiments with different noise

levels. Therefore, within GRADE, we develop a tool to introduce noise into the saved

ground-truth data, building upon and extending methods from RotorS [71] and Zhang et

al. [260]. Specifically, our approach incorporates: i) IMU noise and bias, ii) RGB motion

blur and rolling shutter noise, and iii) depth filtering and noise. The noise augmentation

tool is structured to allow seamless extension to additional sensor modalities. The frame-

work processes raw data sequences or rosbags by applying user-defined perturbations to

different data streams. Its structured pipeline separates data modalities (e.g. RGB, IMU),

allowing different integrations with minimal modifications. We use this tool in experi-

ments to prepare data for Dynamic V-SLAM and network training, adding noise to depth

and RGB for one dataset while also augmenting segmentation masks for motion blur

in another (see Section 3.6.2). Beyond the noise augmentation, we also automate Dy-

namic V-SLAM evaluation and address errors in the generated ground-truth data caused

by known issues in Isaac Sim, such as inaccurate 3D bounding boxes27, incorrect poses

of some animated assets28,29, and timing discrepancies in rosbags30.

27https://forums.developer.nvidia.com/t/234675
28https://forums.developer.nvidia.com/t/251877
29https://forums.developer.nvidia.com/t/193900/10
30https://github.com/qcr/benchbot/issues/66
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3.4 GRADE Case Studies

We use GRADE to address three sample case studies that cover the different ways we

can apply the framework. These are i) a ROS-free simulation and curated data collection

in a savanna environment (Section 3.4.1), ii) online testing of Active SLAM approaches

in a (multi-)robot scenario (Section 3.4.2), and iii) our newly introduced experiment rep-

etition setup (Section 3.4.3). Throughout our work in GRADE, we use i) a UAV Firefly

model from RotorS [71], and ii) the three-wheeled omnidirectional robot from iRotate.

As mentioned in Section 3.3.2, each robot is equipped with a single joint for every degree

of freedom (six for the UAV and three for the omnidirectional ground robot), and their

sensors (camera, IMU) are loaded dynamically at runtime.

3.4.1 ROS-Free Simulation in a Savanna Environment

In this example, we deploy a UAV in a savanna environment31 with several simulated

animated zebras. The focus is on creating a custom simulation without using either

ROS or any additional SIL method to control the robot. A schematic of this setup is

provided in Figure 3.4. While the primary focus of our work in this chapter is on indoor

dynamic environments, we include this experiment to demonstrate the adaptability of

GRADE beyond human-centric indoor scenes. By evaluating GRADE in a completely

different setting — an outdoor savanna with dynamic, non-human agents — we validate

its ability to incorporate diverse environment sources, such as those available in Unreal

Engine, and diverse animation sources, beyond SMPL-based humans, and extend its

applicability to other domains where dynamic elements play a key role. Notably, we

will leverage this case study in Chapter 5 to generate our synthetic data. The zebra and

their animations are sourced from a free SketchFab32 asset. Using Blender, we export

four animation sequences, namely walking, eating, trotting, and jumping, create three

different transition sets between these animations, and manually place the zebras within

the main environment (Figure 3.3e, left side of Figure 3.1). Waypoints are provided to

the Isaac engine directly from the main simulation loop as predefined position/orientation

goals. We use either i) a scripted sequence of waypoints for each of the six joints using

the physics engine, or ii) a physics-less mode where the drone acts as a floating object that

‘slides’ smoothly between waypoints. The drone dynamics are governed by its mass and

joint characteristics (e.g. damping coefficient) in the physics-enabled mode. Otherwise,

the UAV follows an interpolated trajectory between goal locations.

31https://fab.com/s/a6b34008be90
32https://skfb.ly/opCUB
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(a) UAV in a city (b) UAV and UGV in an apartment

Figure 3.5: We show here an external view of the UAV (similar to Figure 3.1) in a city

environment and an apartment, which are the same used in Figure 3.3a and Figures 3.3b

to 3.3d, respectively. In (b), it is also possible to observe the UGV.

3.4.2 (Multi-)Robots and Active SLAM

This scenario uses GRADE in conjunction with previously developed ROS approaches.

Specifically, we aim to use Active SLAM methods to explore indoor environments (from

3D-Front) with both UAVs and UGVs. The scheme of this workflow is depicted in Fig-

ure 3.6. We adapt and interface the FUEL [268] Active SLAM framework with Isaac Sim

to compute exploration goals for the UAV. FUEL uses online RGB-D and odometry data

from the simulation to actively compute exploration goals. However, the original FUEL

implementation leverages an integrated custom and simplified simulation to control the

drone movements. Therefore, to bridge this gap and interface ourselves with Isaac Sim

and GRADE, we supply the exploration goals to an additional NMPC [104] to predict a

realistic trajectory for the UAV. The final predicted state of this trajectory is then sent to

our custom controller, which then provides commands to the simulation itself. The om-

nidirectional robot is instead managed by the iRotate framework in conjunction with our

custom controller without any additional layer, as it natively provides NMPC velocity

setpoints for the base and the independently rotating camera. In this scenario, we also

create simulations that simultaneously manage multiple and heterogeneous robots. The

challenge here is that we have to load specific sensor suites and set different ROS topics

for each one of the robots created dynamically. We do so by allowing dynamic reconfig-

uration and loading of parameters within the same simulation script. An example of the

multi-robot simulation is shown in Figures 3.3b to 3.3d. In those images, two robots are

UAVs, each running a different instance of FUEL, and one is the three-wheeled ground

omnidirectional robot used in iRotate (Section 2.4).
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3.4.3 Experiment Repetition and Enhancement

GRADE provides a way to replay any previously recorded experiment precisely. This

can be done either by keeping them as-is or by modifying them by selectively altering

any number of conditions. These include, for example, attaching new sensors (e.g. cam-

eras, LiDARs) to the original robot itself, changes in light conditions, or the inclusion of

new robots, humans, animals, or other objects in the surrounding environment. This is

while keeping the physics simulation enabled. Therefore, with GRADE, we introduce a

new method that allows studying the robustness of different approaches by changing the

robot’s surrounding conditions and/or expanding previously collected datasets under the

exact same settings, e.g. by collecting new data. To this end, we provide two possible

solutions under the requirements that both i) all of the robot poses throughout the exper-

iment and ii) the initial simulation conditions were logged. We either teleport the robot

to the exact logged location and re-render the scene and the new sensors as-is, or use

the previously logged joint velocities and target positions at every time step as targets of

the Isaac Sim internal joint controller. While more flexible, this second approach could

generate some minor deviation due to the unknown acceleration between two timesteps.

However, combining the two strategies can easily mitigate this effect. Moreover, we can

further interpolate the missing poses when necessary, e.g. if a newly added sensor has a

different rate than the one with which the pose was saved. Notably, repeating experiments

with this approach removes any variability that the developed method might have — for

example, when testing Active SLAM approaches. At the same time, it ensures that the

remainder of the simulation is conducted under controlled and physically realistic con-

ditions. Note that, differently from replaying rosbags, using fixed seed numbers when

the simulation is prepared, or deterministic Gazebo runs, our approach allows changing

the underlying state of the simulation. This would happen for example following mod-

ifications like adding new sensors to the robot (with mass), different scene content that

is impacted by physics, additional robots in the scene, or fully disabling the physics to

re-render a scene without dynamic elements, as we do in our experiments in Section 4.3.

All of this can be controlled programmatically through the means of a simple Python

script with which we can selectively choose both what to alter and then how to control

the simulation itself.

Examples of the re-rendered images and depth maps during an experiment repetition

run are provided in Figure 3.8, while the workflow can be found in Figure 3.7. In Fig-

ure 3.8 we also show an example of changes in the original simulation run by changing

the scene contents and lighting conditions and observing the scene from a new perspec-

tive. We will evaluate the deviation with respect to the logged poses and the rendering

differences in Section 3.6.1.
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3.5 Data Generation

3.5 Data Generation

We use GRADE to generate the data for our experiments in indoor dynamic environ-

ments through the aforementioned Active V-SLAM modality. Following what we de-

scribed in the previous sections we use i) the custom environment converter, to prepare

the world and extract its STL and boundaries; ii) the SMPL animation converter, to pre-

pare the animated assets and extract the STL representing their trajectories; iii) the cus-

tom placement procedure; iv) GSO and ShapeNet as flying objects; and v) our custom

controller to manage the robot(s). An example of the richly annotated data generated can

be seen in Figure 3.9, and the summary of the data we release with GRADE is presented

in Section 3.5.1.

Our main source of environments is the 3D-Front [69] dataset, i.e. one of the largest

collections of mesh-based indoor environments. We enhance them with random textures

from ambientCG33 and varying lighting conditions. We also collect data in one outdoor

city environment from the Unreal Engine marketplace34 (Figures 3.3a and 3.5a), and

once in an indoor35 world from SketchFab (Figures 3.3b to 3.3d and 3.5b), both used

also to further validate GRADE and Isaac Sim’s flexibility across different sources. The

dynamic components in the scenes are animated humans and, in some experiments, ran-

dom flying objects. The humans are taken from the Cloth3D [15] and AMASS [140]

datasets. While Cloth3D provides clothed assets, AMASS CMU sequences consist of

only unclothed SMPL fittings. While doing so, we randomize the appearance of the as-

sets by using Surreal’s SMPL textures [229], i.e. freely available low-resolution textures,

as shown, for example, in Figure 3.1. The flying objects belong to various categories (e.g.

toys, balls, tables, etc.) and serve multiple purposes: they generate occlusions between

the camera and the other elements in the environment, increase the variability of the

scene, and introduce dynamic elements that can challenge Dynamic V-SLAM methods.

For example, they negatively impact feature rejection methods such as segmentation and

detection models or optical flow approaches since they create occlusions, do not be-

long to common dynamic classes, and have unpredictable motions. Additionally, their

presence reduces the likelihood of loop closures, as they can randomly cover the scene,

further testing the robustness of the evaluated V-SLAM systems. Moreover, introducing

them will allow us to automatically create images with partially covered humans, thus

increasing the variability of their appearance on the images we will use to train detection

and segmentation models. These objects, belonging to the GSO and ShapeNet datasets,

are loaded dynamically at runtime. We rigidly “animate” them through random time-

keyed transformations in scale, orientation, and position using multiple goals set within

the environment limits. By design, this is done without considering any possible colli-

sion with the environment or other assets. While precise collision-avoidance strategies

33https://ambientcg.com/
34https://fab.com/s/c3c3d0cf2c4f
35https://skfb.ly/YZoC
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can be implemented, like pre-computing safe trajectories, this allows a higher variabil-

ity of their motion patterns. Overall, this diverse data generation approach, enabled by

GRADE, allows us to systematically analyze the impact of dynamic elements on percep-

tion and localization tasks.

x, y, z roll, pitch yaw

Position Env. limits [−25,25] or [0,0] deg [0,360] deg

Speed 0.5 m/s 40 deg/s 30 deg/s

Table 3.1: We report the joint limits used for the UAV in our data generation procedure,

as described in Section 3.5.

The main process is as follows. First, we load the environment, center it with respect

to the origin, and generate the 2D occupancy map. In this, we also define the size of

the physics step, i.e. how much the clock will advance during every loop of the simu-

lation, and rendering parameters, e.g. auto-exposure or path/ray-tracing settings. In our

experiments, the physics step is set to 1/240th of a second. Second, we randomize lights’

colors, intensities, and surface roughness (i.e. reflection capabilities). Third, we load

the robot, move it to the starting location, attach its specific set of sensors (including the

cameras) and ROS publishers, and link it to the motion controller through the correct

ROS topics. Based on the chosen configuration, the robot is controlled with either full

6 DOF capabilities or with a stabilized flight (without roll and pitch). The UAV’s joints

are subject to position and speed limitations as shown in Table 3.1. Recall that the FUEL

Active SLAM framework will control the UAV online during the simulation, allowing

us to explore the environment and collect data autonomously. Then, we import a ran-

dom number of people and randomly place them within the environment. The number

of flying objects loaded varies based on the experiment settings. The initial location of

the robot is randomized using the same placement procedure as the animated assets to

prevent collisions. Additionally, because our automatic data generation relies on a Vi-

sual SLAM approach, we pre-optimize the robot’s initial orientation to avoid featureless

areas, such as windows. In our environments, we do not include artificial panoramic

backgrounds or detailed outdoor scenes typically found around homes, meaning these

regions lack the necessary visual cues for robust V-SLAM initialization. By ensuring the

robot does not start facing such areas, we improve both the stability of SLAM and the

reliability of the automatic data generation process.

Overall, considering that all simulations have animated humans and accounting for

the degrees of freedom of the robot and the presence of flying objects, we obtained six

scenarios (excluding the outdoor and multi-robot setting) summarized in Table 3.2.

After loading and setting up the simulation experiment, we bootstrap the first 1 second

for every experiment to randomize the initial conditions of the robot. When the bootstrap

sequence ends, we publish a single message to signal the start of the experiment and

record data for 60 seconds. In the main simulation loop, we i) advance the physics
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3.5 Data Generation

Humans GSO ShapeNet Horizontal Sequences

7-40

0 0
63

77

5 5
44

63

10 10
33

62

Table 3.2: Summary of our generated data, including the number of sequences released

for each configuration. The number of humans is randomly selected between 7 and 40

before placement. However, the final number of humans in the scene may be lower due to

space constraints that prevented their successful placement, as explained in Section 3.3.1.

The number of flying objects taken from the GSO and ShapeNet datasets is fixed. A tick

in the Horizontal column indicates whether the UAV is free to move or constrained to a

horizontal orientation (i.e. can only rotate in yaw).

one step at a time, ii) automatically control the animation timeline and the rendering

steps, iii) publish the ROS information at the desired rates (using the physics step as

a reference), and iv) write data to the disk. The control of the animation timeline and

the rendering steps is necessary because, as mentioned previously, multiple calls to the

path-tracing function are necessary to render complex scenes correctly. Each one of

these calls, however, will “advance” the animations in the scene (by advancing the time

on the timeline). Therefore, in GRADE, we implement a procedure to ensure a correct

alignment of the physics, rendering, and animations towards a precise data generation

procedure.

The scene is rendered with path tracing and auto-exposure. The rendering speed

greatly depends on the number of lights, reflections, assets in the scene, and cameras.

We use two cameras with the same horizontal and vertical FOV, one low resolution

(640×480) and one high resolution (1920×1080). Across different architectures, ren-

dering each couple of views took an average of 12 seconds, including the time necessary

to get the remaining ground truth information, such as instance segmentation. How-

ever, by tuning the simulation parameters, one can improve that to multiple images per

second, up to processing times faster than 15 FPS. In this, the physics simulation step

causes a noticeable delay whenever high-frequency messages related to physics need to

be published (e.g. the IMU) due to its tiding with the USD files and the necessity to

constantly read and write information to them36. The low-resolution RGB and depth

are published with ROS and saved with the rosbag tool. The high-resolution camera is

used to save ground truth data with numpy arrays such as 2D and 3D bounding boxes,

instance segmentation masks, camera pose, as well as RGB and depth. A full description

36https://forums.developer.nvidia.com/t/226738/6
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of the data we save with the corresponding rates is presented in Table 3.3. The anima-

tions are reversed based on the average movement duration to increase variability and

avoid too many static figures. Note that, due to flying objects and the unpredictability of

moving subjects, sometimes the drone goes ‘through’ dynamic assets. Although a way

to avoid this would be to pre-sample valid trajectories, we see this as an opportunity to

develop more reliable systems. Indeed, when these events occur, they cause situations

that are usually untested with currently available real-world datasets, like losing track of

the features due to completely black (e.g. corrupted) images or sudden changes between

frames (e.g. due to a new flying object). However, those are possible scenarios that can

occur if one considers real hardware or communication links that might fail or degrade

or real-world environments in which animals or anything else could cause occlusions of

the camera lens even for a brief moment. Nonetheless, we are not aware of any data cur-

rently available that poses such a challenge. Importantly, our experiment repetition tool

(Section 3.4.3) provides a means to systematically address occlusions without compro-

mising experimental consistency. The tool enables the regeneration of frames affected

by occlusions while maintaining the original experiment setup, including camera poses,

scene dynamics, and lighting conditions. This is without introducing errors, as shown

in Section 3.6.1, preserving both realism and repeatability. Additionally, this capability

will allow us to evaluate how different algorithms respond to different scenarios. We will

bring this concept to an extreme during our evaluations of Dynamic V-SLAM methods by

re-rendering the tested dynamic sequences without any moving object (Section 4.3). We

provide an example of a re-rendered scene without the dynamic elements in Figure 3.8.

Sensor Clock IMU TF
Joint

state

Camera

pose
Odometry

RGB, depth

semantics...

Starting

experiment

Hz 240 240 120 120 60 60 30 once

Table 3.3: For each sensor (first row), we report the frequency in Hz used during our data

generation procedure (Section 3.5).

3.5.1 Summary of Released Data and Code

We release 342 sequences of 1800 frames each that, at 30 fps, correspond to 342 minutes

of video, i.e. 615K frames. Those are summarized in Table 3.2. For each of these 342

experiments, we release depth data, instance segmentation (including clothing segmen-

tation), 2D tight and loose bounding boxes37, 3D bounding boxes, and the corresponding

camera information and poses. Additionally, we release the processed animated human

data with 3D per-vertex locations and skeletal information. All of the aforementioned

data is saved via numpy arrays. For each sequence, we also release the recorded rosbags

37https://forums.developer.nvidia.com/t/222506/5
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3.6 Experiments

with IMU readings, TF tree, joint states, low-resolution RGBD images, and the robot’s

state. For convenience, IMU readings, camera pose, and robot pose, which we originally

stored in the rosbags, are also provided independently from them as numpy arrays. For

each experiment, we provide the initial configuration of each asset, the state of the ran-

dom number generator used, the USD file of the simulation, and other accompanying

information necessary to replay the experiment. Other data, such as normal vectors and

optical flow, can be generated using the experiment repetition tool.

All the USD files of the animated sequences and environments can be freely down-

loaded upon acceptance of the necessary licenses, or generated from scratch when neces-

sary (ShapeNet objects). The source code is fully open source. For convenience, we also

release the pre-processed data to test Dynamic V-SLAM methods and the data relative to

each experimented approach reported in this thesis in Section 4.3. Finally, we release the

checkpoints of the trained networks, the data used to train them, as well as the labels for

the TUM RGB-D dataset. A summary of the datasets used for the deep learning experi-

ments, their training and validation splits, and the notation used for these can be seen in

Table 3.5. Some examples of the generated data, as well as external views of the drone in

the environment, can be observed in Figure 3.1[right], Figures 3.3a to 3.3d, 3.5 and 3.9.

3.6 Experiments

In this section, we first analyze the experiment repetition module in Section 3.6.1 to

verify that the re-generated poses, images, and depth maps correspond to those of the

original experiment. We then evaluate how well the generated data can address the syn-

to-real gap in Section 3.6.2. In the next chapter, we will also benchmark Dynamic Visual

SLAM methods in Section 4.3 to verify the usability of the simulated data to evaluate

such approaches. There, we will study their limitations and the relation between their

performance and the underlying deep detection and segmentation models.

x y z roll pitch yaw

Unit m m m rad rad rad

Mean −3.50e−6 −9.00e−7 −1.94e−7 −4.61e−7 −8.70e−7 −4.48e−7

Std. Dev. 2.75e−5 3.06e−5 2.71e−5 2.93e−5 2.90e−5 2.90e−5

Table 3.4: Evaluation of the precision of the robot poses obtained using the experiment

repetition tool. For each component, we report the mean and the standard deviation of the

difference between the repeated and the original values computed over 3601 instances.
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3.6.1 Experiment Repetition Tool

To test the exactness of the experiment repetition procedure, we employ a 60-second

experiment and compare the precision of: i) position and orientation values over 3601

poses, and of the re-rendered ii) RGB, and iii) depth maps over 1800 samples. Table 3.4

reports the mean and standard deviation of the difference between the originally recorded

and re-executed robot poses for each component. The results show that the average devi-

ation is on the order of 1e−7 meters, demonstrating the high precision of our approach.

To verify the rendering consistency, we then compute the average of the RGB image

structural similarity (SSIM) [238] between the re-rendered and the original frames. The

resulting average SSIM is 99.6% with a 0.15% standard deviation, which indicates near-

perfect similarity. Finally, we evaluate the precision of the re-computed depth maps

using the mean average difference and SSIM index with respect to the original ones. The

mean of the average difference between the original and repeated depth maps is 0.0015

meters with a standard deviation of 0.0019 meters. Note that this is mostly due to alias-

ing effects and pixel values that lie alongside the borders of the objects. Indeed, the

corresponding depth images have a structural similarity attested at 99.8% with a 0.23%

standard deviation.

3.6.2 Syn-to-Real Transfer Learning

Our objective is to demonstrate that synthetic data generated with GRADE successfully

captures real-world features and enables the training of models that generalize well over

real images. To this end, we evaluate GRADE’s syn-to-real transfer capabilities using

two popular neural networks: YOLOv5 [102] and Mask R-CNN [84]. Our objective is

the detection and segmentation of humans. We train the networks in three modalities: 1)

from scratch with both synthetic and real-world data, 2) fine-tuning with real-world im-

ages the networks pre-trained on synthetic data, and 3) using datasets of mixed synthetic

and real-world data, indicated with a ‘+’ sign between the datasets’ acronyms.

To train YOLO and Mask R-CNN, we use both i) a subset of the generated dataset,

which we will refer to as S-GRADE, and ii) the complete dataset, i.e. A-GRADE.

Images with a high probability of being occluded by flying objects due to peculiar depth

and/or color information are automatically discarded. S-GRADE consists of 18K frames,

with dynamic humans and without flying objects. Of those, 16.2K have humans in them

and 1.8K are only background. A-GRADE contains all available data, i.e. 591K images,

of which 362K have humans. We augment the images of S-GRADE using a random

rolling shutter noise model (µ = 0.015, σ = 0.006) and a fixed exposure time of 0.01

following [260]. To augment A-GRADE, we use a random exposure time between 0 and

0.1 seconds for each sequence and update the segmentation masks and bounding boxes to

account for the additional motion blur. This is unnecessary for S-GRADE noisy images

as the noise is much lower due to the shorter (and fixed) exposure time.

The real-world data is from the COCO dataset and the fr3/walking sequences of TUM

98



3.6 Experiments

Description Train images Val. images

CH COCO’s images containing humans 64115 2693

S-CH COCO random subset containing humans 1256 120

TH TUM RGB-D fr3 walking sequences — 3580

S-GRADE Subset of our synthetic data 16K 2K

A-GRADE Our full synthetic data 473K 118K

∗ -EX Model trained on ∗ and saved at epoch X

BASELINE Official model weights trained on COCO

Table 3.5: Legend of the nomenclature used in the training and evaluation of the syn-to-

real testing of the humans’ detection and segmentation models presented in Section 3.6.2.

In the first column, we indicate the abbreviation used. In the second column, we report

its brief description. When needed, the last two columns contain the number of samples

in the training and validation sets, respectively.

RGB-D [211]. From COCO, we utilize only the subset of data containing humans in the

frame and will call this dataset CH (COCO-Humans) from now on. CH contains 64115

training and 2693 validation images. From those, we randomly sample 1256 training and

120 validation images, totaling ∼ 2% and ∼ 4% of CH training and validation sets. Here,

we call this subset S-CH and use it to understand how the networks perform with limited

real-world data. The fr3/walking sequences consist of 3579 images with people, 5362

instances, and 130 background samples. We manually label those with precise bounding

boxes and segmentation masks using the free version of Roboflow38 and release this data

publicly. We will use TH to indicate this data in our tests. CH exhibits high variabil-

ity in human representation, including outdoor scenes, crowds, and diverse clothing. In

contrast, the TH dataset aligns with our synthetic data, focusing on indoor dynamic se-

quences. We evaluate the performance with the COCO standard metric (mAP@[.5, .95],

or mAP) and the PASCAL VOC’s metric (mAP@.5, or mAP50). Note that, differently

from PeopleSansPeople [59], we save the best checkpoint based on the training dataset’s

validation set, i.e. not using CH or its subset. We do not perform any hyperparameter

tuning and use the default network settings. Our baseline models (called BASELINE

henceforth) are the networks trained on the full COCO dataset. A recap of these datasets

and the notation used in the next sections is in Table 3.5.

Human Detection with YOLOv5

We trained YOLOv5s using its default parameters and for the standard 300 epochs. The

results are reported in Table 3.6.

We first analyze the models trained only on single datasets. When evaluated on CH

validation data, the model trained from scratch with the S-GRADE dataset exhibits lower

38https://roboflow.com/
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CH TH

(Pre-)Training set Fine-tuning set mAP50 mAP mAP50 mAP

BASELINE — 0.753 0.492 0.916 0.722

S-CH — 0.492 0.242 0.661 0.365

S-GRADE — 0.206 0.109 0.616 0.425

S-GRADE-E50 — 0.234 0.116 0.683 0.431

A-GRADE — 0.176 0.093 0.637 0.459

A-GRADE-E50 — 0.282 0.154 0.798 0.613

S-GRADE S-CH 0.561 0.302 0.744 0.488

A-GRADE S-CH 0.540 0.299 0.762 0.514

S-GRADE CH 0.801 0.544 0.931 0.778

A-GRADE CH 0.797 0.542 0.932 0.786

S-GRADE + S-CH — 0.590 0.334 0.855 0.648

A-GRADE + S-CH — 0.527 0.289 0.801 0.597

S-GRADE + CH — 0.801 0.547 0.938 0.786

A-GRADE + CH — 0.764 0.503 0.936 0.778

Table 3.6: YOLOv5s bounding box evaluation results. We report the mAP50 and mAP

over the specified validation set. We put in bold the best result and in italics the second

best. The BASELINE is obtained using the officially released model of YOLOv5s trained

on the full COCO dataset.

precision than the one trained solely with S-CH. However, on TH data, these models

show comparable performance, with the network trained solely on S-GRADE achieving

approximately ∼ 5% lower mAP50 but 6% higher mAP. The network pre-trained with

S-GRADE and then fine-tuned on S-CH shows a significant performance improvement

with respect to the model trained using only S-CH. Specifically, this increase is around

6% on the CH validation (both metrics), and of +8% and +12% on the TH dataset mAP

and mAP50, respectively. Similarly, fine-tuning S-GRADE with the full CH dataset sur-

passes the baseline results by ∼ 5% in both metrics on CH, and ∼ +2% mAP50 and

∼+5% mAP on the TH dataset. Models that use the A-GRADE dataset during training

exhibit comparable or slightly worse performance on the CH validation set than the ones

that use S-GRADE data (less than 3%). At the same time, using A-GRADE in place of

S-GRADE data yields better performance on the TH dataset (∼ 3%). We can therefore

say that the models that use A-GRADE or S-GRADE during training tend to perform

well on indoor human detection and do not generalize well to CH. This is likely due to

the lack of examples in the synthetic dataset that can correctly represent the data distri-

bution of CH. Interestingly, the models evaluated using the checkpoint saved at the 50th

training epoch, identified as E50 in Table 3.6, consistently outperform the corresponding

models trained only with A-GRADE or S-GRADE in all metrics and datasets. Moreover,

A-GRADE-E50, when tested on TH data, outperforms models trained from scratch on
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both synthetic and S-CH datasets or fine-tuned on S-CH, achieving a remarkable 79.8%

mAP50. This indicates that there would be an advantage of using the real-world data dur-

ing validation, as done in PeopleSansPeople [59]. However, this would prevent us from

correctly evaluating the performance of using solely the synthetically generated images

by introducing a bias when using only synthetic data.

Training using mixed synthetic and real-world datasets generally outperforms the cor-

responding pre-training and fine-tuning strategy using the same datasets. For example,

the results on the TH dataset increased by up to ∼ 11% mAP50 and ∼ 16% mAP with

the model trained on S-GRADE+S-CH. The only significant improvement on the CH

validation set is observed with the S-GRADE+S-CH data, likely due to the difference in

cardinality of the combined datasets and the data distribution of the CH data.

Overall, the best-performing model we obtained is S-GRADE+CH with an improve-

ment over the baseline of ∼ 5% on both metrics on the CH dataset, and 2% and 6% on

the TH dataset. These results indicate how the data generated with GRADE can be used

both to address the syn-to-real gap and improve the results of the models trained only on

real-world data.

Human Detection and Segmentation with Mask R-CNN

We use the detectron2 [242] implementation of Mask R-CNN, using a 3x training sched-

ule39 and a ResNet50 backbone. We use the default steps (210K and 250K) and maxi-

mum iterations (270K) parameters with four images per batch when training A-GRADE

and CH. We reduced those to 60K, 80K, and 90K when training S-GRADE and to 80K,

108K, and 120K and 2 images per batch for S-CH due to their relatively small size. We

evaluate the models every 2K iterations and save the best one by comparing the mAP50

metric on each of the two tasks, detection and segmentation. Due to the size of the

A-GRADE dataset, we evaluate the model trained from scratch on this data every 3K it-

erations. We save the best model separately for each task and evaluate its accuracy using

0.05 and 0.70 confidence thresholds. Since the training and evaluation schedules greatly

impact the performance of this network40, we also train from scratch the same network

with the CH data using our configuration.

The results presented in Table 3.7 are similar to those obtained with YOLO in the

previous section. However, unlike the previous case, fine-tuning with the entire CH

dataset does not improve upon the official baseline. In contrast, combining A-GRADE or

S-GRADE with CH generally results in higher mAP and mAP50 than the model trained

solely on CH data, emphasizing both the impact of training procedures and our data.

These tests also show that, when using the A-GRADE dataset, we can consistently

outperform the corresponding model that uses S-GRADE in both datasets and tasks. At

the same time, the model trained only with A-GRADE synthetic data performs worse

39https://github.com/facebookresearch/detectron2/blob/main/configs/Misc/scratch mask rcnn R 50

FPN 3x gn.yaml
40https://github.com/facebookresearch/detectron2/blob/main/MODEL ZOO.md

101

https://github.com/facebookresearch/detectron2/blob/main/configs/Misc/scratch_mask_rcnn_R_50_FPN_3x_gn.yaml
https://github.com/facebookresearch/detectron2/blob/main/configs/Misc/scratch_mask_rcnn_R_50_FPN_3x_gn.yaml
https://github.com/facebookresearch/detectron2/blob/main/MODEL_ZOO.md


Chapter 3 Photorealistic Simulations: Bridging Virtual and Real Worlds

T
h
resh

o
ld

0
.7

T
h
resh

o
ld

0
.0

5

D
etectio

n
S

eg
m

en
tatio

n
D

etectio
n

S
eg

m
en

tatio
n

C
H

T
H

C
H

T
H

C
H

T
H

C
H

T
H

(P
re-)T

rain
in

g
set

F
in

e-tu
n
in

g
set

m
A

P
5
0

m
A

P
m

A
P

5
0

m
A

P
m

A
P

5
0

m
A

P
m

A
P

5
0

m
A

P
m

A
P

5
0

m
A

P
m

A
P

5
0

m
A

P
m

A
P

5
0

m
A

P
m

A
P

5
0

m
A

P

B
A

S
E

L
IN

E
—

0
.7

2
7

0
.5

0
4

0
.8

6
0

0
.7

0
9

0
.7

2
3

0
.4

4
5

0
.8

7
0

0
.6

5
2

0
.8

5
2

0
.5

6
7

0
.9

1
0

0
.7

3
8

0
.8

2
8

0
.4

9
3

0
.9

1
3

0
.6

7
5

C
H

—
0
.6

9
3

0
.4

7
1

0
.8

2
9

0
.6

5
3

0
.6

8
1

0
.4

1
0

0
.8

3
8

0
.5

8
4

0
.8

2
9

0
.5

3
7

0
.8

9
8

0
.6

9
2

0
.8

0
1

0
.4

6
1

0
.8

9
0

0
.6

1
1

S
-C

H
—

0
.3

4
0

0
.1

6
1

0
.5

2
6

0
.2

5
0

0
.3

5
1

0
.1

5
5

0
.5

4
3

0
.2

3
1

0
.4

3
9

0
.1

9
5

0
.6

1
0

0
.2

8
2

0
.3

9
2

0
.1

6
8

0
.5

6
8

0
.2

4
1

S
-G

R
A

D
E

—
0
.1

2
8

0
.0

6
4

0
.5

6
3

0
.3

1
2

0
.1

0
0

0
.0

4
3

0
.5

0
9

0
.2

6
4

0
.1

6
7

0
.0

7
7

0
.6

3
7

0
.3

4
3

0
.1

1
7

0
.0

4
8

0
.5

6
1

0
.2

8
3

A
-G

R
A

D
E

—
0
.2

0
2

0
.1

1
5

0
.7

2
7

0
.5

0
2

0
.1

7
8

0
.0

8
8

0
.7

0
9

0
.4

0
8

0
.2

6
9

0
.1

4
0

0
.7

8
4

0
.5

3
1

0
.2

1
4

0
.1

0
0

0
.7

4
9

0
.4

2
5

S
-G

R
A

D
E

S
-C

H
0
.4

2
8

0
.2

3
2

0
.7

0
8

0
.4

1
2

0
.4

0
1

0
.1

9
5

0
.6

6
5

0
.3

7
4

0
.5

1
8

0
.2

6
5

0
.7

4
8

0
.4

3
2

0
.4

6
5

0
.2

1
6

0
.6

9
4

0
.3

8
7

A
-G

R
A

D
E

S
-C

H
0
.4

5
0

0
.2

6
2

0
.7

3
6

0
.4

8
9

0
.4

6
0

0
.2

3
1

0
.7

5
8

0
.4

4
9

0
.5

6
0

0
.3

0
3

0
.7

8
8

0
.5

1
5

0
.5

1
5

0
.2

4
7

0
.7

8
0

0
.4

5
8

S
-G

R
A

D
E

C
H

0
.6

9
3

0
.4

7
4

0
.8

5
8

0
.6

7
9

0
.6

8
2

0
.4

1
5

0
.8

5
8

0
.6

1
1

0
.8

3
3

0
.5

3
9

0
.9

1
6

0
.7

1
3

0
.8

0
5

0
.4

6
7

0
.9

0
5

0
.6

3
3

A
-G

R
A

D
E

C
H

0
.7

1
4

0
.4

8
9

0
.8

6
9

0
.6

9
6

0
.7

1
0

0
.4

3
0

0
.8

6
9

0
.6

3
8

0
.8

4
3

0
.5

5
0

0
.9

1
6

0
.7

2
8

0
.8

1
3

0
.4

7
6

0
.9

0
8

0
.6

6
0

S
-G

R
A

D
E

+
S

-C
H

—
0
.2

9
7

0
.1

5
4

0
.6

5
0

0
.3

8
1

0
.2

6
8

0
.1

2
6

0
.6

0
8

0
.3

2
1

0
.4

0
8

0
.1

9
4

0
.7

2
4

0
.4

1
7

0
.3

4
4

0
.1

4
9

0
.6

6
1

0
.3

4
6

A
-G

R
A

D
E

+
S

-C
H

—
0
.3

0
0

0
.1

6
8

0
.7

9
1

0
.5

6
1

0
.2

8
3

0
.1

3
8

0
.7

4
6

0
.4

6
7

0
.3

8
4

0
.2

0
0

0
.8

4
2

0
.5

8
8

0
.3

3
5

0
.1

5
5

0
.7

7
9

0
.4

8
3

S
-G

R
A

D
E

+
C

H
—

0
.6

8
3

0
.4

6
3

0
.8

5
9

0
.6

7
6

0
.6

7
1

0
.4

0
1

0
.8

4
9

0
.6

0
3

0
.8

2
1

0
.5

2
8

0
.9

1
7

0
.7

0
9

0
.7

9
0

0
.4

5
2

0
.8

9
6

0
.6

2
6

A
-G

R
A

D
E

+
C

H
—

0
.5

6
3

0
.3

5
6

0
.8

4
6

0
.6

5
9

0
.5

4
0

0
.3

0
6

0
.8

4
6

0
.5

8
7

0
.7

1
3

0
.4

2
2

0
.9

0
3

0
.6

8
9

0
.6

6
9

0
.3

5
5

0
.8

8
8

0
.6

0
8

T
ab

le
3
.7

:
M

ask
R

-C
N

N
d
etectio

n
an

d
seg

m
en

tatio
n

resu
lts

u
sin

g
b
o
th

th
resh

o
ld

s,
i.e.

0
.7

an
d

0
.0

5
.

F
o
r

b
o
th

task
s,

w
e

rep
o
rt

th
e

m
A

P
5
0

an
d

m
A

P
o
v
er

th
e

sp
ecifi

ed
v
alid

atio
n

set.
W

e
p
u
t

in
b
o
ld

th
e

b
est

resu
lts

an
d

in
italics

th
e

seco
n
d

b
est.

T
h
e

B
A

S
E

L
IN

E
is

o
b
tain

ed
u
sin

g
th

e
o
ffi

cially
released

m
o
d
el

o
f

M
ask

R
-C

N
N

train
ed

o
n

th
e

fu
ll

C
O

C
O

d
ataset.

W
e

also
rep

o
rt

th
e

m
o
d
el

train
ed

o
n

C
H

u
sin

g
o
u
r

train
in

g
an

d
v
alid

atio
n

sch
ed

u
les

fo
r

a
fairer

co
m

p
ariso

n
.

102



3.7 Conclusions

than the one trained only with S-CH real-world data when evaluated on CH. Still, the

result is reversed on the models validated on the TH dataset, with one trained only with

A-GRADE outperforming the one trained only with S-CH data of up to ∼ 25%. This is

true considering both tasks and both confidence thresholds.

Overall, the best model is obtained by pre-training on A-GRADE and fine-tuning on

CH. This training strategy yields an improvement of ∼ 2% and 3−5% on CH and TUM

datasets, respectively. The second-best model is the one trained on S-GRADE and fine-

tuned on CH. The models trained on mixed data, in general, perform worse than the

corresponding fine-tuned counterparts on the CH dataset while achieving similar results

on the TUM dataset. These differences, also with respect to YOLO findings, are likely

due to imbalanced synthetic and real-world data, and the scheduling, which greatly af-

fects the number of epochs. Indeed, the model trained on the mixed S-GRADE+CH data

performs similarly to the model pre-trained on S-GRADE and fine-tuned on CH.

Notably, unlike prior work such as [12], our approach achieves strong (although not

perfect) generalization to real-world images using only synthetic data, even without in-

corporating real-world data in the validation set. Similar to their findings, mixing datasets

leads to improved performance over the baseline. However, an equally crucial factor is

the visual realism of the simulation itself, as one aims to avoid retraining perception

models for every new task or system verification. Moreover, for better generalization, a

system trained solely on synthetic data can be applied to out-of-distribution tasks where

annotated datasets or large volumes of real images are unavailable [20, 187, 271]. Our

results highlight the effectiveness of our approach in leveraging synthetic data for robust

generalization. This reinforces the potential of our method for applications where real

annotated data is scarce or unavailable.

3.7 Conclusions

GRADE is a novel, flexible solution for simulating robots in photorealistic dynamic en-

vironments, enabling efficient research, development, and benchmarking of autonomous

robotic systems. GRADE addresses the limitations of previous robotics and vision-

focused simulation frameworks by providing a streamlined system for simulation set-

up and management, ground truth data generation, offline and online robot testing, as

well as benchmarking of robotics and visual-based (learning) methods in physical and

photo-realistic environments. This is achieved through the exploitation, integration, and

expansion of Isaac Sim’s capabilities via customizable asset preparation and placement,

data saving and processing procedures, and robot preparation, set-up, and control.

We demonstrate GRADE flexibility by employing it in different case studies, ranging

from simple visual data generation in physics-less simulations to heterogeneous multi-

robot experiments managed by Active SLAM frameworks. Unlike previous systems that

leveraged Isaac Sim, GRADE is not focused only on providing a closed framework for

specific robots or applications, e.g. benchmarking V-SLAM systems. Instead, it is built
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as close as possible to the low-level APIs of Isaac Sim, allowing for finer control and cus-

tomization over the experiments. All the code and the data generated through GRADE

for our experiments are provided as open-source for the benefit of the community.

With GRADE, we provide the first method allowing for precise programmatic exper-

iment repetition with adaptable surroundings in physics-enabled simulations. Data can

now be modified or expanded in simple and effective ways after the simulation happens

by, for example, changing surroundings conditions (e.g. removing or adding dynamic

objects) or adding new sensors (e.g. a stereo camera). Unlike previous systems, our ap-

proach is not limited by fixing seed numbers or rigid simulation conditions. Instead, it

extends beyond simple changes (e.g. lighting adjustments), enabling substantial modifi-

cations to the simulation environment. This is an important step towards flexible testing,

higher robustness, and thus better generalization, helping reduce the sim-to-real gap.

The strong syn-to-real performance of the learned human detection and segmentation

tasks demonstrates the effectiveness of our simulation and its visual realism. Notably,

even without incorporating highly detailed human models with features like hair, shoes,

or high-resolution textures, the generated data proves sufficiently realistic to significantly

enhance network performance when combined with real-world images. Furthermore,

training exclusively on GRADE synthetic data achieves results that closely match the

baseline in indoor environments, greatly reducing the need for extensive data collection

and manual annotation and clearly addressing the sim-to-real gap. While commercial

synthetic clothed human models, such as RenderPeople or CLO, could further enhance

realism and potentially improve training outcomes, we deliberately avoid their use to en-

sure the reproducibility and open redistribution of our generated data, which is essential

for open research. Moreover, we want to emphasize the fact that we obtain these results

without introducing or leveraging any domain-adaptation technique, as opposed to pre-

vious approaches. Using GRADE, we can address the syn-to-real gap by generating a

high amount of realistic and diverse data.
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In this chapter, we investigate the role of perception in dynamic environments and

its relation to V-SLAM. Our goal is to move beyond static scene assumptions and to-

wards robust Dynamic V-SLAM by leveraging GRADE, our synthetic data generation

framework.

We begin by outlining the problem in Section 4.1 and reviewing the state of the art

in Dynamic V-SLAM (Section 4.2). Most Dynamic V-SLAM approaches rely on se-

mantic information, geometric constraints, or optical flow to filter out dynamic elements.

However, a significant limitation in this field is the scarcity of datasets designed for dy-

namic environments. Many existing methods are evaluated only on a handful of available

datasets, which often contain a limited range of motion patterns and object interactions.

This poses challenges for assessing generalization and robustness. Moreover, collecting

diverse real-world sequences with controlled, repeatable dynamic interactions is inher-

ently difficult, costly, and sometimes unsafe — especially in cluttered or highly dynamic

environments. Synthetic datasets and simulations, therefore, play a crucial role in filling

this gap by providing controlled, diverse, and challenging scenarios for evaluation.

In this chapter, we seek to use GRADE to solve this issue. Hence, as a first step, we

benchmark V-SLAM methods in static and dynamic environments (Section 4.3.1). This

is critical for establishing a baseline and ensuring that data simulated through GRADE

can reproduce expected results in well-understood scenarios. Once this validation is

complete, we conduct a thorough evaluation of representative state-of-the-art Dynamic

V-SLAM methods using simulated runs in dynamic indoor settings. Our results reveal

that these methods frequently suffer from noise, trajectory drift, and tracking failures,

underscoring the challenges posed by dynamic environments. We further analyze the

impact of detection and segmentation performance on two Dynamic V-SLAM methods,

using both synthetic and real-world sequences (Section 4.3.2). Contrary to common

belief, we find that the best-performing deep learning models do not always yield the

best results in Dynamic V-SLAM scenarios. Through this analysis, we build intuition re-

garding the limitations of existing approaches and identify some key failure points: noisy

motion estimations, hallucinations, and the misinterpretation of object motion. Addition-

ally, we highlight the limitations of existing methods, including reliance on predefined

static/dynamic thresholds, preselected dynamic object classes, and an inability to detect

unknown moving objects, which restricts their generalization capabilities.

To address these challenges, we introduce DynaPix (Section 4.4), a semantic-free Dy-

namic V-SLAM system that estimates per-pixel motion probabilities and integrates them

into an improved pose optimization process. Our method computes motion probabilities

using static background differencing and optical flow on splatted frames. These probabil-

ities guide map point selection and are incorporated through weighted bundle adjustment

within the tracking and optimization modules of ORB-SLAM2. We rigorously evaluate

DynaPix on both the GRADE and TUM RGB-D datasets in Section 4.5, demonstrating

significantly lower trajectory errors and extended tracking durations in both static and dy-

namic environments, as highlighted in our conclusions (Section 4.6). The source code,

datasets, and results of DynaPix are available at https://dynapix.is.tue.mpg.de/.
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4.1 Introduction

Visual SLAM algorithms have undergone significant development [28] and found wide-

ranging applications in various scenarios, including service robots [200], autonomous

vehicles [24], and augmented reality devices [101]. However, recall that most V-SLAM

frameworks are developed under a static-world assumption [26, 28, 162, 261] and use

visual features as a means to estimate the robot’s (camera) movements (Section 1.3). The

presence of dynamic objects violates such an assumption and causes degradation in both

estimation accuracy and system robustness [26, 200], which limits their widespread

deployment in real-world scenarios. Indeed, addressing this problem is necessary to

develop robots that can safely act in dynamic environments.

To resolve this issue, different visual feature removal procedures have been introduced.

Many are based on the detection or segmentation of dynamic object classes [17,255,266].

Several works instead use optical flow [135,262], depth clustering [194,258], or learning-

based visual odometry methods [21, 199]. To increase robustness, other approaches

combine geometric and semantic information [17, 42, 90], thus still heavily relying on

semantic cues. Nonetheless, research in SLAM for dynamic worlds has still limited

(although increasing) traction, mainly due to difficulties in simulating data and the in-

herent danger of directly testing an autonomous method in the real world. Thus, given

the limited availability of testing sequences and environments, those methods often fail

when applied to different situations or environments [234], as we will show in Sec-

tion 4.3. However, thanks to GRADE’s advancements, we can now benchmark current

state-of-the-art Dynamic SLAM methods safely in realistically looking simulations. To

do so, we select some representative dynamic sequences from the dataset we introduced

in Section 3.5. We then use these simulation experiments to benchmark popular indoor

Dynamic V-SLAM algorithms. First, we evaluate such methods on static synthetic se-

quences to demonstrate that the data is usable by said frameworks, that visual features

can be correctly extracted, and that the robot trajectory is tracked. To do so, we re-render

the selected sequences while disabling the dynamic content using our experiment rep-

etition tool (Section 3.4.3). Then, we use the selected dynamic sequences to evaluate

such methods and show how these would fail if the data differs from the few currently

used real world benchmarking datasets. Moreover, since those approaches heavily rely

on detection and segmentation networks, we also experiment with the different trained

models of YOLOv5 [102] and Mask R-CNN [84] presented in Section 3.6.2. With these,

we show that the model with the highest accuracy does not always attain the best ATE

result when applied to the Dynamic V-SLAM method.

By analyzing these results, we notice that, in general, those methods often suffer from

failures related to prediction accuracy, noise, and/or imprecise estimations. Detection-

based methods remove features belonging to the static environment within the detected

bounding box. Segmentation is often approximate, especially around object borders or

thin regions. Both detection- and segmentation-based methods have limited generaliza-

tion capabilities, e.g. to different moving objects, as they rely on an a-priori choice of

107



Chapter 4 Dynamic Visual SLAM: Benchmarking, Challenges, and Pixels

dynamic categories and on the networks’ performance. Furthermore, optical flow suffers

from exploding magnitudes, especially in scenes with repeating patterns or featureless

areas. Finally, learning-based methods often cannot generalize well to different cameras

or scenarios [235]. Moreover, most methods mask the entirety of the objects without

considering whether all or just part of them are moving — a common scenario for ani-

mals or humans that can move also just a limb or a hand. They also adopt simple binary

moving/static masks instead of more informative blended probability distributions. This

implies that all features belonging to the identified moving region are rejected, indepen-

dently of whether those are effectively moving or not. This can lead to frequent tracking

losses and instability due to the exclusion of valuable information or the excessive filter-

ing that can reject the majority of the features extracted from the frame. This can happen

especially when objects that might be moving occupy most of the image, or when there

are many static features extracted from these objects that could be leveraged [199]. No-

tably, we also realized that all these methods fail not only to correctly but also to fully

track our experiments, without being able to recover from failures. This is a metric often

overlooked by the community. However, the amount of time the SLAM framework is

capable of estimating a given trajectory is an essential indication of the robustness that

helps to contextualize the results.

These considerations are at the base of DynaPix, our novel Dynamic V-SLAM ap-

proach, that we present in Section 4.4. Building on top of ORB-SLAM2 [152], DynaPix

is based on a pixel-wise motion probability estimation technique for dynamic indoor en-

vironments. The intuition is that the SLAM backend depends on a limited number of

image features and keypoints associated with single pixels. Thus, every extracted fea-

ture can contribute to the process through a weighting factor based on its motion state,

regardless of whether it belongs to a supposedly dynamic object or not. In the first stage,

we introduce a novel static/dynamic differencing method on both neighboring frames

and estimated optical flows. We use these to compute per-pixel movable and moving

probability estimations, respectively. Those estimations are then combined to derive a

per-pixel motion probability that we use as a weighing factor in the SLAM backend, both

within the map points selection and the weighted bundle adjustment (BA) procedures. To

validate our method, we perform extensive evaluations and ablation studies on both the

TUM RGB-D [211] and the GRADE datasets, computing the absolute trajectory error

(ATE) metric and tracking rate for each experiment.

To summarize, our novel contributions are: i) the benchmarking and validation of

GRADE in the context of V-SLAM; ii) the introduction of a novel per-pixel motion

probability computation, that does not rely on semantic information, thresholds, or

appearance-based detectors; iii) the integration of these probabilities in the tracking and

optimization modules of a visual SLAM system; iv) the introduction of an extensive (and

extendable) dataset of dynamic sequences following what we introduced in Chapter 3.

Overall, our rigorous experiments show that our approach achieves lower trajectory er-

rors and higher tracking times in both synthetic and real world sequences, effectively

reducing the influence of dynamic factors.
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4.2 Related Works

Moving Object Segmentation

Typical approaches apply geometric constraints to eliminate dominant motion in im-

ages caused by camera movement, and then cluster regions that follow different rigid

transformations [145]. These methods often involve motion detection with depth clus-

ters [95, 258], multi-view epipolar geometry [55], or optical-flow-based methods [18,

135]. Learning-based flow estimation networks have also been investigated [56, 215].

However, these approaches often rely on predefined thresholds as detection criteria [250],

struggle to adapt to diverse environments [26], and suffer from inaccurate flow estima-

tion. Deep Neural Networks (DNNs) can also be employed to detect or segment moving

objects [17, 131, 255, 266]. However, those approaches require a set of fixed and prede-

fined classes. Therefore, they may mask completely stationary objects (e.g. parked cars),

as well as the entirety of objects that are only partially moving [90] (e.g. humans sitting).

Moreover, they heavily rely on the chosen network’s performance and can suffer from

imprecise segmentation or incorrect object classifications.

Methods combining geometric constraints, semantic information, and/or flow esti-

mation apply a trade-off in identifying moving regions and are still typically based on

learning-based frameworks. Therefore, they depend on their training data [134,175,250],

aim to segment the scene into binary categories (moving/static), and mask entire object

instances even if they are (partially) static. Moreover, these methods are often validated

in outdoor scenarios, where most observations are static, thus limiting their applicability

to dynamic indoor environments. In DynaPix, we avoid considering only full objects

and any predefined threshold or segmentation class to mark pixels as static/dynamic. In-

stead, we generate a moving probability value for each pixel by combining background

differencing with optical flow information from splatted views.

Dynamic Visual SLAM

Most Dynamic V-SLAM methods are de-facto enhanced versions of classic SLAM

frameworks [152, 169] combined with motion segmentation techniques. Dynamic re-

gions are either separately tracked [8, 16, 230] or discarded as outliers [17, 41, 117, 237,

255, 266] to reduce the negative effects on pose estimation. DynaSLAM [17] combines

Mask R-CNN [84] and multi-view geometry to process moving objects, DS-SLAM [255]

applies a lightweight SegNet [6] to obtain segmented masks, and Dynamic-VINS [131]

uses YOLO-based detections. However, these methods suffer from wrongful detections,

retain few features when there are many dynamic objects, and fail to identify moving

objects outside the selected classes, thus leading to frequent tracking failures [26].

Methods that integrate motion probability, like Detect-SLAM [266] which derives

it from object detections, also fuse semantic attributes with geometric ones. DP-

SLAM [117] and Cheng et al. [41] put forward dynamic region removal techniques
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within the Bayesian framework to enhance motion probability updates. DE-SLAM [244]

instead restores more static features for pose estimation of adjacent frames, even within

selected dynamic categories. All of these, however, discard the dynamic features directly

without retaining motion probabilities in the SLAM optimization process. Close to Dy-

naPix, [83, 90, 267] use motion probability as weights in the BA procedure (introduced

in Section 1.3.3). However, these are used only within the tracking module of ORB-

SLAM2 and are continuously discounted during the optimization process, making their

effect negligible over subsequent iterations. Moreover, they often require additional op-

timization steps to attain acceptable results. In contrast, our method updates the motion

probabilities following subsequent observations and propagates them throughout the en-

tire SLAM framework. In concurrent work, Liu et al. [130] proposed a method based

on intensity change, sparse optical flow, and clustering to compute motion probabilities.

However, their method heavily relies on thresholds due to the noise from those compo-

nents, limits consideration to the current and the last frames, and uses intensity errors

rather than our background reconstruction. Furthermore, similar to previous studies,

these approaches often neglect to report the effective tracking time in their experiments.

Indeed, the vast majority of evaluations focus only on trajectory errors (e.g. ATE and

RPE). The total time a method tracks a trajectory is often overlooked, despite it being

necessary for a thorough assessment of SLAM performance [26].

4.3 Benchmarking Dynamic V-SLAM

To perform these evaluations, we select eight different runs among all the sequences

generated in Section 3.5. Each is 60 seconds long and comprises RGB-D (30 fps), IMU

(240 Hz), and ground truth pose (60 Hz) data. The eight runs are divided and labeled

as follows: two are recorded in static environments (S), two contain dynamic people

and no flying objects (D), two have both people and flying objects (F), and two present

an occlusion of the camera (WO). The occlusion creates some challenging, completely

black frames during the experiments. For each one of these kinds (S, D, F, WO), the

UAV is either i) kept horizontal, in which case it cannot perform roll and pitch move-

ments, or ii) is free to move, to increase variability in our evaluations. If the robot is not

free to move, we post-fix the label of the run with the letter H, i.e. SH, DH, FH, and

WOH. To complete our evaluations, we also use our experiment repetition procedure

to re-render all the dynamic sequences into their static counterparts by disabling all the

dynamic assets and re-rendering RGB and depth data. We indicate those by post-fixing

-static. This allows us to study the effects of the dynamic entities in our experiments.

Statistics of the average camera (absolute) speed, average (absolute) acceleration, num-

ber of dynamic frames, and average portion of the dynamic frame belonging to dynamic

people of the S, SH, D, DH, WO, WOH, F, and FH sequences are reported in Table 4.1.

The average speed and acceleration are obtained from the ground truth values of the

odometry recorded at 60 Hz. We note that Table 4.1 shows small velocity and accelera-
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tion components in the roll and pitch axes for the DH experiment. However, in DH, the

robot is constrained to remain horizontal, meaning that roll and pitch velocities should

theoretically be zero. Upon inspection of the data, we confirmed that these deviations

resulted from a minor collision between the robot and the environment, which introduced

unintended but minimal rotational effects.

The ground-truth data generated by the simulator is processed before the evaluations

to make it closer to real-world conditions. Depth data is first limited to 3.5 meters - a

reasonable value when using, for example, a RealSense D435i. Then we limit it to 5

meters, to study the effect of the depth range on the SLAM methods. We evaluate the

SLAM frameworks using the same data but enhanced with additional noise. The noise

applied to the depth values is based on the RealSense noise model [79]. We apply random

rolling shutter noise (µ = 0.015, σ = 0.006) and blur (following [260]) to the RGB data.

The IMU drift and noise parameters are taken from [71].

Average speed

[x, y, z], m/s

[roll, pitch, yaw], rad/s

Average acceleration

[x, y, z], m/s2

[roll, pitch, yaw], rad/s2

Dynamic

frames

Dynamic

frames

coverage (%)

FH
[0.084,0.091,0.014]
[0.000,0.000,0.444]

[0.425,0.551,0.123]
[0.000,0.000,0.698]

1800 34.06

F
[0.244,0.239,0.139]
[0.189,0.184,0.436]

[0.891,0.882,0.740]
[1.625,1.564,1.242]

1247 11.55

DH
[0.255,0.185,0.046]
[0.029,0.014,0.476]

[1.011,0.938,0.416]
[0.291,0.158,1.659]

959 8.06

D
[0.293,0.264,0.127]
[0.288,0.269,0.422]

[1.206,1.248,0.895]
[1.895,1.797,1.070]

1196 10.01

WOH
[0.275,0.255,0.086]
[0.000,0.000,0.433]

[0.949,1.025,0.553]
[0.000,0.000,0.725]

1181 11.33

WO
[0.224,0.249,0.103]
[0.214,0.220,0.416]

[1.011,1.059,0.634]
[1.892,1.564,1.278]

1763 17.94

SH
[0.304,0.254,0.047]
[0.000,0.000,0.426]

[0.965,0.908,0.273]
[0.000,0.000,1.018]

0 —

S
[0.259,0.236,0.114]
[0.213,0.228,0.435]

[0.915,0.822,0.538]
[1.592,1.571,1.013]

0 —

Table 4.1: Motion and dynamic frames analysis for each one of the dynamic sequences

used in our Dynamic V-SLAM benchmarking.

We will evaluate two static V-SLAM methods and four Dynamic V-SLAM ap-

proaches. Those are: i) RTAB-Map [114] and ii) ORB-SLAM2 [152], which do not ex-

plicitly address dynamic entities; iii) DynaSLAM [17], which uses Mask R-CNN to seg-

ment dynamic content; iii-iv) DynamicVINS [131] (in both its VO and VIO variations,

abbreviated to DynaVINS here), which uses YOLO to detect it; v) StaticFusion [194],

a non-learning method that performs RGB-D based clustering; and vi) TartanVO [234],

i.e. a learned visual odometry system developed specifically for challenging scenarios.
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For fairness, we choose to not modify the parameters of any of the SLAM approaches we

benchmark. Despite that, we had to increase the number of extracted features to 3000 in

both DynaSLAM and ORB-SLAM2 to allow for an easier and repeatable initialization

in some sequences, and edit DynaVINS, taking inspiration from VINSFusion [170], to

keep the system running in case of a tracking failure.

We report the absolute trajectory error (ATE) [26] and the total time a considered V-

SLAM framework can successfully track the trajectory. The latter, expressed as tracking

rate (TR), is a critical quantity to be considered. It helps the reader put ATE values in per-

spective whenever the tested method fails due to some featureless frames or occlusions,

as the ATE alone cannot completely quantify the robustness [26]. The ATE has been

computed using the standard TUM RGB-D evaluation tool. We perform ten different

trials and report the mean and standard deviation of both metrics for each test.

4.3.1 Visual SLAM Performance

The results of testing the selected methods on the re-rendered static sequences are pre-

sented in Table 4.2. In Tables 4.3 and 4.4, instead, we report the dynamic experiments

alongside the runs performed on the static S and SH sequences, whose depth was limited

to 3.5 and 5 meters, respectively. The first and most noticeable result we can observe

is that TartanVO and StaticFusion consistently exhibit high ATE and perfect TR. Tar-

tanVO’s performance can be attributed to poor generalization capabilities due to the do-

main gap between its training data and GRADE scenes, along with its reliance on RGB

information alone. In contrast, StaticFusion is sensitive to parameter tuning, as observed

also in other studies, e.g. [186]. We can also observe how, generally, all methods per-

form well in SH and S, with low ATE and high tracking rates. Meanwhile, in the other

sequences, the results vary a lot, though at least one method consistently achieves good

performance. These results show that the data generated by GRADE can be used effec-

tively to perform visual odometry and demonstrate, at the same time, the low adaptation

capabilities of some of these algorithms. The low tracking rates of RTAB-Map on D-

static, DH-static, and F-static are to be associated with events in which the system loses

track of the odometry and resets, without recovering. Notably, while both ATE and TR

vary across methods, the standard deviations are generally low.

For dynamic sequences, the good ATE results of certain methods can be misleading.

For example, in four out of eight sequences without added noise where the depth data

is limited to 3.5 meters (Table 4.3) DynaSLAM loses track of the trajectory for at least

∼ 27 seconds, and up to 54 seconds. This highlights the importance of reporting both the

tracking rate and the ATE errors when evaluating Dynamic SLAM methods, as we will

also see in the next section. Although all the evaluated methods show compelling results

when tested with common datasets like TUM RGB-D or EuRoC, they exhibit several

limitations when tested on our data.
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4.3 Benchmarking Dynamic V-SLAM

This is irrespective of noise presence or differences in the depth limits. We can see

that most of the experiments performed on noisy data are, as expected, slightly worse

than those performed using ground-truth images and depth values. ORB-SLAM and

DynaSLAM yield, for the most part, comparable results on both metrics. DynaVINS

VO generally performs worse than its VIO counterpart, showing its reliance on the IMU

sensor and the low robustness of the VO approach.

StaticFusion, counterintuitively, shows degrading performance when tested with the

depth data limited to 5 meters, with generally not compelling results. DynaVINS ap-

pears, on average, to be the most stable method across different testing methodologies,

remaining unaffected by changes in depth ranges or data noise. However, its results are

not easily repeatable, as indicated by the standard deviation values. DynaVINS VIO

seems to be the best-performing method if we consider ATE and TR jointly. However,

despite the use of the IMU, the ATE obtained with DynaVINS VIO on the DH non-noisy

sequence is over 8 meters for just a 60 s sequence, and just 1.582 meters for the VO

counterpart, as reported in Table 4.3. Similar results can be observed in the S and SH

sequences, where DynaVINS VO shows 3 to 10 times lower ATE than the one obtained

with DynaVINS VIO, indicating how the method does not always benefit from using

the IMU sensor. With certain combinations, SLAM methods perform worse on stati-

cally rendered sequences than on dynamic ones, like RTAB-Map when tested on the D

static and dynamic sequences. This may be because, in some cases, the methods use

features from undetected dynamic content to track camera movement better when facing

featureless areas like plain walls.

4.3.2 Dynamic V-SLAM and Deep Learning relation

Here, we evaluate DynaVINS (VO) and DynaSLAM jointly with several models we

trained in Section 3.6.2 using YOLOv5 and Mask R-CNN. We assess their performance

on both synthetic sequences with the depth limited to 3.5 meters of GRADE (without

noise) and the TUM fr3/walking sequences [211]. The results are presented in Table 4.5.

For Mask R-CNN, we use the best-performing model on the segmentation task. The

baseline results on the TUM RGB-D sequences are obtained using the baseline models.

Note that we were unable to reproduce the published results for DynaVINS, especially

the rpy and static sequences. This discrepancy can be attributed to several factors. First,

there can be non-deterministic behavior due to variations in feature extraction, loop clo-

sure detection, and optimization. As a result, exact reproducibility across different runs is

inherently challenging [17]. Additionally, differences in parameter tuning and the num-

ber of runs performed may have contributed to the observed discrepancies. Furthermore,

variations in computing environments (e.g. CUDA versions, CPU, hardware configura-

tions), compilation methods, and versions of installed libraries (e.g. OpenCV, YOLO)

may influence the results. Note that for all sequences, we can observe specific runs that

have performance that is similar to the published results and within the computed stan-

dard deviation over ten trials.
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4.3 Benchmarking Dynamic V-SLAM
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However, the original paper [131], does not report either standard deviation or number

of trials, making this comparison difficult. Despite these variations, all other experiments

in our study were conducted within the same system, ensuring consistency in our evalu-

ations. Results on the TUM dataset indicate that changing the model for DynaVINS has

no impact on TR. DynaSLAM instead is highly influenced by the segmentation quality,

with many trials showing TR similar to or better than the baseline. Surprisingly, this hap-

pens even when using low-performing models. For example, with the model pre-trained

on S-GRADE and fine-tuned on S-CH we can observe a tracking time 8.5% higher on

the xyz sequence. For both SLAM frameworks, the ATE varies based on the model used.

However, the best-performing networks are often not associated with the best ATE and

TR couple. For example, using the model trained only with S-GRADE yields already

compelling results. When using it with DynaVINS, we can obtain the best performance

on halfsphere sequence, with half of the ATE with respect to to the baseline. The re-

sults obtained using DynaSLAM with Mask R-CNN trained on S-GRADE show ATEs

comparable to the baseline results but with higher tracking times, thus with better overall

performance. At the same time, DynaSLAM on the rpy sequence with the model pre-

trained on A-GRADE and fine-tuned on CH, i.e. the best performing one according to

the results shown in Table 3.7, significantly degrades the tracking rate of approximately

5%. Finally, when we evaluate the same SLAM methods using the different trained mod-

els on the different GRADE sequences, we find that it influences both the TR and ATE.

However, as with the TUM RGB-D sequences, these results show no clear advantage in

using the models with the highest performance, as, unintuitively, even the ones perform-

ing poorly in the detection and segmentation tasks can attain higher TR and ATE with

respect to the other ones. Notably, we can see from these results that even while using

the baseline network, both methods suffer from imperfect tracking rates, which can go

as low as 84.6% for DynaSLAM on the rpy sequence.

Figure 4.1: DynaPix’s motion probabilities on GRADE (left) and TUM RGB-D (right)

frames. On the left side of each image, we colored the estimated moving regions. On

the right side, ORB features are colored based on the motion probabilities, from static

(green) to dynamic (red).
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4.4 DynaPix

Our thorough testing on several state-of-the-art Dynamic V-SLAM methods using syn-

thetic sequences obtained with GRADE shows how most methods fail to track sequences

that are out of distribution compared to common datasets. They also highlight the ne-

cessity of reporting the average sequence tracking rate to evaluate overall SLAM per-

formance correctly, as the ATE alone may mislead evaluations - especially in dynamic

environments. Our results show how state-of-the-art methods fail either in correctly (i.e.

high ATE) or completely (i.e. low ATE but low tracking rate) estimating the trajectories,

despite their good performance when tested on common datasets. Moreover, our evalu-

ations performed on TUM RGB-D and synthetic sequences using our trained detection

and segmentation models exemplify the demand for thorough evaluations and studies in

Dynamic V-SLAM. Indeed, using the best-performing trained networks does not always

yield the best result, suggesting that more reliable feature rejection procedures and ro-

bust methods are needed. Notably, the enhanced realism and flexibility of GRADE have

enabled rigorous and diverse testing of SLAM approaches in simulation. By closely

mirroring real-world conditions, our framework allows for widespread and stress test-

ing of state-of-the-art methods, exposing them to a broader range of scenarios and edge

cases. As a result, even without explicitly introducing dedicated sim-to-real adaptation

techniques, the improved evaluation process can inherently facilitate the smooth and

effective transfer of these methods to real-world conditions by allowing researchers to

evaluate adaptability and robustness beforehand.

As we just saw, removing dynamic observations is a de facto standard in Dynamic

V-SLAM, where many frameworks use a limited number of keypoints associated with

specific image features. Then, while the at-unison movement of pixels can be captured

as part of a supposedly dynamic object, e.g. with segmentation models, the information

is still carried by the single feature located on a precise pixel of the image. Moreover,

not always the entirety of an object is moving simultaneously, e.g. when a person walks

or waves a hand. Thus, rather than grouping all pixels belonging to the same object

equally, and inspired by optical flow-based methods, we approach the problem from a

pixel-wise perspective. Furthermore, we note that directly removing the features from

the system using a binary static/moving classification without considering their current

motion states may produce a significant loss of valuable and usable information.

Therefore, our goal is to estimate a movement probability associated with each pixel

and dynamically integrate this notion into the SLAM backend. This allows us to selec-

tively weigh singular feature points rather than binary classify whole groups of pixels

equally. With this estimator, we manage to overcome the general shortcomings of clas-

sic semantic-based detectors, such as imprecise detection/segmentation or limitation to

predefined categories, while successfully reducing the estimated errors due to the direct

usage of optical flow methods. As discussed in Sections 4.1 and 4.2, learning-based flow

estimation networks [56, 215] are commonly used to identify moving regions. However,

their deployments in indoor dynamic environments pose specific challenges, including
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increased false correspondences in textureless areas (e.g. empty walls, floors), noisy

estimation due to incomplete elimination of camera motion, and misclassification.

Based on the aforementioned insights, our robust visual SLAM system for indoor

dynamic environments consists of two novel modules: a pixel-wise motion probability

estimator and an enhanced pose optimization process. The architecture of the proposed

DynaPix SLAM system can be seen in Figure 4.2. The system inputs are RGB-D and

corresponding static background images, which show the same scene in its version with-

out any dynamic entity. Those can be generated either in simulation through synthetic

generation or, for real-world sequences, by estimated background images, e.g. via video

inpainting, view synthesis, or background filling techniques [17, 126, 147]. Then, the

motion estimator generates a probabilistic representation which identifies moving ele-

ments within the current image frame (Section 4.4.1). This module enables the detection

of specific moving parts within objects, as well as shadow and reflections, overcom-

ing the limitations of traditional semantic or rigid motion segmentation methods. Our

proposed probabilistic motion estimation is composed of two submodules: movable re-

gion and moving region estimation. Movable regions are computed through background

differencing and generate distributions covering potential moving objects with the cor-

responding shadows/reflections. Moving regions are then estimated through a rectified

flow differencing mechanism, which uses a novel combination of splatting view synthesis

and static background with dynamic flow subtraction. The two are then fused to obtain

the final pixel-wise motion probability. Then, we incorporate these motion probabilities

into the SLAM back-end through a dynamic weighting of the keypoints (Section 4.4.2).

This refined optimization module ensures the preservation of more keypoints during the

tracking phase, thereby enhancing the system’s robustness with extended tracking dura-

tion.

4.4.1 Pixel-wise Motion Probability

To eliminate the influence of dynamic objects, we estimate what is moving within the

current scene. We introduce a two-staged method to identify i) potentially dynamic

(movable) and ii) currently moving regions. The movable regions are the area of the

image where motion can occur. This serves as prior confidence to refine moving region

estimation into pixel-wise motion probabilities.

Preliminary: Splatting-based View Synthesis

Homography transformation is commonly used to reproject images from other view-

points to the current location [216]. However, this method assumes that all observed

points lie on the same plane, regardless of their depth information. This results in mis-

matches between the current frame It and the reprojection of the previous frame in the

current viewpoint, Ĩt−1, as shown in Figure 4.3. To address this, we follow the idea of
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Figure 4.3: Projecting frames through Soft Splatting (fourth line, our method) and Ho-

mography Transformation (second line, standard approach) techniques using frames

for static scenes. The second and fourth lines show the difference between frames Ĩt+1

and It to illustrate the alignment performance of these two methods. The third and fifth

lines demonstrate their effects on flow estimation. These images also highlight the errors

of the optical-flow estimation approach in featureless areas.

softmax splatting [154] for more accurate view synthesis. Given the camera intrinsic ma-

trix and the depth map of the previous frame, we can project the pixels of It−1 into the

3D space to recover their 3D information, as introduced in Section 1.3.2. Then, we can

reproject these 3D points to the current viewpoint using an (estimated) transformation

between the two poses. With these correspondences, each pixel of Ĩt−1 can be finally

synthesized by participation from adjacent ones:

Ĩt−1(u′,v′) =
∑(exp(z) · It−1(u,v))

∑(exp(z))
(4.1)

where ∑(·) denotes the sum of all contributing pixels from the original frame It−1, z is
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the pixel’s depth, and exp(z) serves as the weighting factor. More details can be found

in [154]. In Figure 4.3, we show the advantage of splatted views over homography

transforms.

Figure 4.4: Flow diagram of the movable regions estimation.

Movable Region Estimation

Although semantic cues are effective in identifying movable regions, they are incapable

of capturing objects beyond predefined categories and imperceptible variations induced

by dynamic objects, such as occlusions, reflections, and shadows. Thus, we use the static

background image, IBG, in our system as prior information alongside the current image,

I. The difference between the current dynamic and static images in the RGB domain is

captured by

Id = |I −IBG| (4.2)

Given the image difference Id , the per-pixel movable probability D is then computed

through:

D = ζ · f1(Id)+(1−ζ ) · f2(Id), (4.3)

where f1 and f2 indicate respectively clipping and min-max normalizations to scale Id

into [0,1]. The factor ζ , given as

ζ =
1

2
+

1

exp(0.04 ·max(Id))+1
∈ [0.5,1], (4.4)

is used to weight these two terms. This is necessary because the direct application of

f2 (min-max normalization) on Id could cause exploding scaling issues. Such problems

typically occur when the current observation I closely resembles its static background

IBG, potentially due to the absence of dynamic objects coupled with minor color discrep-

ancies. This movable estimation process can provide reliable information on all potential
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dynamic objects. Naturally, depending on how the background image is generated and

what is considered to be movable or not, this step will have different effects as IBG will

vary accordingly. The workflow of this procedure is presented in Figure 4.4, while some

qualitative results can be seen in Figure 4.5.

Figure 4.5: Step-by-step visualization of the movable region estimation on multiple syn-

thetic frames, covering shadows, reflections, and movable objects. On the first two rows,

we can see the dynamic and background frames. In the third row, we show the result

of the clipping operation, while in the fourth row, we report the result of the min-max

operation. Finally, on the fifth row, we show the overall result.

Moving Region Estimation

Having identified the movable regions, we proceed to estimate the currently moving parts

rather than segmenting entire objects. The moving region can be decomposed into several

sets of 3D points, each characterized by continuous displacements in Euclidean space.

These displacements can be further projected onto the current 2D image frame for obser-

vations, resulting in pixel-wise motion across successive frames. Figure 4.6 illustrates the

pipeline of our moving region estimation, while Figure 4.7 some qualitative results. We

first reproject adjacent frames into the current view to eliminate camera motion. We ap-

ply FlowFormer [93] to calculate optical flow, thereby deriving pixel-wise displacements
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to identify moving regions. Ideally, when comparing the current frame with the repro-

jected frames, static pixels should remain at the same coordinates while moving pixels

display noticeable displacements. However, this approach can be compromised by the

incomplete elimination of camera motion or false pixel correspondences in texture-less

areas. Therefore, we adopt splatting-based view synthesis for accurate projection, and

static/dynamic flow differencing for robust moving region estimation.

Figure 4.6: Flow diagram of the moving region estimation between It and It−1.

After obtaining the reprojected view, Ĩt−1, the estimation of moving regions is for-

mulated as the flow estimation between It and Ĩt−1, indicated with F(It , Ĩt−1). The

displacement in pixel-wise correspondences is quantified by the flow magnitude. How-

ever, this may not fully eliminate either the camera motion effects or the incorrect pixel

correspondences that frequently occur in texture-less and ambiguous texture-rich areas.

Therefore, we also perform flow estimation on static background images, using the pro-

cedure previously described, to further compensate for possible errors in these regions

through:

F∗(It , Ĩt−1) = min(F(It , Ĩt−1),F(It , Ĩt−1)−F(It
BG, Ĩ

t−1
BG )) (4.5)

A low-pass filter is then used to moderate the flow magnitude increase, due to subtraction

in noisy estimations, and a min-max normalization operation is applied to project these

values into [0,1]. Assuming the scene dynamics are consistent over a short interval, the

motion attribute of each pixel should remain similar or vary minimally in neighboring

frames. Without loss of generality, this can be extended to other frames closely spaced

in time. Therefore, we finalize the moving region estimation across multiple frames as:

M=
1

2n
∑
j∈J

(
F∗(It , Ĩt+ j)+F∗(It , Ĩt− j)

)
(4.6)

where J is a set of time offsets with n as its cardinality. In our implementation, we adopt
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J = [2] (i.e. n = 1). As each index of M corresponds to the pixels of It and their values

are between 0 and 1, M is also bounded between 0 and 1. A flow magnitude different

from zero, in principle, indicates that a pixel has effectively moved between two frames.

However, noise and incorrect matching may also result in such outcomes. Moreover, in

general, the bigger the movement, the higher the magnitude and the detrimental effect

on the SLAM backend. Thus, we chose to treat this quantity as our per-pixel moving

probability factor of frame It .

Figure 4.7: Step-by-step visualization of the moving region estimation and final motion

probability for five different synthetic frames. While we show in the first row the original

RGB frame, in the second and third ones we show the flow estimation on dynamic scenes

F(It
d, Ĩ

t+i
d ) and static scenes F(It

s, Ĩ
t+i
s ) respectively. Notice the similar estimation errors

in common static regions. We report the result of the moving region estimation in the

fourth row. The fifth row shows the final motion probability for the frames, obtained after

combining them with the corresponding movable region estimation results (not shown).

Motion Probability

The final motion probability P for the current frame is defined by integrating the

per-pixel moving probabilities M (Equation (4.6)), with the movable ones D (Equa-
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tion (4.3)), through pixel-wise multiplication:

P =D⊙M (4.7)

This multi-step processing allows us to effectively reduce noise resulting from halluci-

nations (e.g. in the background inpainting) or wrong estimations (e.g. in the optical flow

computation) by weighing the two factors, as shown by our ablation studies. An example

of such probabilities is depicted in Figures 4.1 and 4.7.

4.4.2 Tracking and Pose Optimization

We incorporate estimated motion probabilities into the front-end tracking and back-end

pose optimization process within the ORB-SLAM2 framework [152]. Different from

prior works [17,97,255], our method seeks to use all stationary objects (or their station-

ary parts) to improve localization performance, while actively preventing their negative

effects once they resume their motion.

The tracking module consists of the first-stage coarse estimation (i.e. track motion

model, track reference frame) followed by a more precise second-stage estimation as

track local map, while the backend module contains local BA and global BA for the

optimization of camera poses and map point locations. Based on this, we improve the

map point selection process and weighted bundle adjustment of ORB-SLAM2. The latter

directly affects both the tracking and backend optimization modules.

Local Tracking

To prevent tracking failures, we seek to preserve more keypoints, even those associ-

ated with stationary movable or slightly moving objects, particularly in scenarios where

movable objects dominate the frame. Another concern is that the temporarily stationary

keypoints may start to move in future frames, disrupting the pose estimation process.

Therefore, we first perform a coarse pose estimation (i.e. motion-only BA) using all key-

points and their respective weights during the tracking thread. Then, thresholds υadd

and υdel are set to ensure that only higher-confidence and static keypoints are selected

as map points for fine pose optimization (i.e. during full or local BA). Then, given a

frame It and its estimated per-pixel motion probability P , all keypoints Kt = {kt
1, . . . ,k

t
n}

are assigned with motion probabilities P(kt
i) based on their coordinates. Upon iden-

tifying a current frame It as a keyframe, its keypoints Kt are considered candidate

map points. Among these, keypoints with P(kt
i) ≤ υadd are promoted to map points

Y = {y j|y j ∈R
3,P(yt

j) =P(kt
i)}. The motion probability for each map point is continu-

ally updated by matched keypoints from new frames. Any map points exhibiting motion,

indicated by P(yt
j)≥ υdel , will be eliminated from the map. In our implementation, we

set υadd = 0.05 and υdel = 0.1.
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Weighted Bundle Adjustment

Inspired by [83, 90, 267], the respective dynamic weights are integrated into the BA

optimization process (Equation (1.14)). The reprojection cost is formulated as:

C = argmin
R,t

1

2

n

∑
i=1

wi||xi −π(RXi + t)||ρ (4.8)

where ∥ · ∥ρ denotes the robust Huber cost function, R and t represent the camera’s ori-

entation and translation, respectively. Xi ∈ R
3 indicates a 3D point in the scene, with xi

as its matched 2D keypoint coordinates. The function π(·) is used for camera projec-

tion. Error term weights are determined by wi = 1−P(kt
i), where a higher wi indicates

a greater probability of the point being static. The coarse estimation applies this solely

to refine camera poses with weights between [0,1]. For fine optimization, we simultane-

ously refine camera poses and map point locations using the same cost function described

in Equation (4.8), with weights constrained to [1-υdel , 1]. Both optimizations are solved

using the Levenberg-Marquardt method within the g2o framework. Consequently, dif-

ferent from previous approaches that just discarded features based on a binary classifica-

tion, we retain more keypoints that can now provide a weighted contribution to the pose

optimization without being indiscriminately discarded. Notably, as seen above, if the

keypoint or the feature becomes dynamic, it is completely removed from the system.

4.5 Experiments

We evaluate our system using sequences from both the TUM RGB-D [211] and the

GRADE datasets. TUM RGB-D includes multiple indoor dynamic sequences, of-

ten adopted to benchmark visual SLAM approaches. Specifically, we use the four

fr3/walking sequences {halfsphere, static, rpy, xyz}, with respective durations of 35.81,

24.83, 30.61, and 28.83 seconds. From GRADE, we adopt the same 60-second-long D,

DH, WO, WOH, S, SH, F, FH experiments used in the previous section (3.5 m depth,

no additional noise). They represent long-term synthetic sequences for dynamic envi-

ronments that have proven challenging for many Dynamic SLAM methods. Recall that

S[H] represents experiments recorded in static environments, D[H] has additional mov-

ing people, F[H] features randomly flying objects, and WO[H] involves occlusions of

the camera sensor. The H, where present, indicates that the camera is kept horizontal

throughout the entire sequence. All experiments are rendered both with and without the

dynamic objects, i.e. the camera is positioned in the same location, and the scene is

rendered twice using the experiment-repetition tool.

We use the E2FGVI [126] video inpainting method to obtain static background im-

ages. To avoid failures on long-term sequences due to excessive GPU memory usage,

we adapt our input frame strategy to a custom 50-frame sliding window approach and

a 100-frame bootstrap with reference frames. Despite the original framework show-
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ing remarkable performance on static/slightly moving camera views, it hardly adapts to

varying environments with long-term moving cameras. Indeed, the method makes use

of neighboring frames and reference frames (extracted based on specific time intervals)

to inpaint the current image. Therefore, to further provide sufficient background infor-

mation in long-term sequences, we modify the selection strategy of the reference frames

to remove irrelevant frames that are observing irrelevant areas. Using the ground-truth

camera poses, we select the frames with the closest viewpoint as reference frames. In

this way, these new reference frames can largely cover the possible background regions

to improve the inpainting process. Note that E2FGVI requires a mask input to select

the inpainting region, and we set it such that it covers the people in the frame. Exam-

ples of inpainted frames are illustrated in Figure 4.8. Moreover, inpainting synthetic

sequences is challenging due to the domain gap. Therefore, for those, we employ the

available static sequences as static background images, i.e. without flying objects and

people. Notably, the blurriness resulting from the hallucinations due to the inpainting

process and varying lighting conditions in inpainted frames. This also introduces noise

into our method and potentially reduces the number of available features. Due to the

low tracking rate and high ATE of the original ORB-SLAM2 and DynaSLAM methods

experienced in many GRADE sequences, we rely on the available camera poses for both

the inpainting and splatting view synthesis. For consistency, we do so for both synthetic

and real-world experiments. It is worth noting that neighboring frame-by-frame pose

variations can often be estimated or optimized through various visual (inertial) odometry

or deep learning methods with high accuracy. We relax this constraint in our ablation

studies for real-world sequences.

Figure 4.8: Examples of inpainted frames of the TUM RGB-D sequences.

We benchmark DynaPix, including all components detailed in Section 4.4, and Dy-

naPix+, which extends DynaPix based on DynaSLAM [17]. DynaPix+ integrates se-

mantic cues solely into map point selection, allowing keypoints associated with dynamic

classes to participate in tracking but not to be promoted as map points for subsequent fine

optimization. We compare against their unmodified underlying methods, ORB-SLAM2

and DynaSLAM. Those are the main baseline methods since they utilize the same back-

end system, i.e. ORB-SLAM2. For completeness, we also evaluate DynamicVINS [131]

(indicated with DynaVINS) and WF-SLAM [267] (for real-world sequences), although
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the use of different backends inherently makes those comparisons less informative. We

perform ablation studies (Section 4.5.3) on dynamic sequences to clarify the effect of

each component with both DynaPix and DynaPix+. We use the ATE and the tracking

rate (TR) to measure accuracy and robustness. The TR represents the ratio of tracked

time over the entire sequence duration, a metric often overlooked in many studies [26].

Although it is not a precise estimation of a future ATE forecast, we also combine ATE

and TR in a mixed metric, which we name ATR. This is obtained by computing the ra-

tio AT E/T R. Clearly, the ATR will be negatively impacted by low TR and positively

affected by low ATE, serving as an aggregating measure to compare the results. Our

results on the GRADE dataset are reported in Tables 4.6 and 4.8, while the ones on the

TUM RGB-D sequences are detailed in Tables 4.7 and 4.9. We repeat each experiment

ten times using the default settings and report the mean and standard deviation results.

4.5.1 Static Sequences

We use the same static sequences used in the previous section to demonstrate that Dy-

naPix and DynaPix+ do not degrade the performance of their underlying SLAM frame-

works in static scenes. Generally, as can be seen in Table 4.6 (where we omit the ‘-static’

for simplicity), both DynaPix and DynaPix+ perform well in such scenarios, often out-

performing the base SLAM methods in most experiments. This is except for the WO

sequence, in which the TR of DynaPix is nearly half that of ORB-SLAM2. However, as

indicated by the standard deviation, the significant variation in both ATE and TR for this

sequence is due to a set of challenging featureless frames around the 26-second mark.

This highlights the importance of using TR alongside ATE for comprehensive analysis of

estimation results. Specifically, in the WO experiment, the ATE remains similar in both

methods, although the TR is significantly different. Focusing on the DynaPix+ and Dy-

naSLAM results, our approach achieves better TR and ATE results overall, with ∼ 26%

lower average ATE and a ∼ 1% increase of TR. These results also show how having a

semantic segmentation system that blindly masks features out of the SLAM backend can

adversely affect performance as a result of noise or incorrect detection, as DynaSLAM

exhibits the lowest overall TR despite the static nature of these experiments. Finally, we

notice how DynaVINS obtains a better tracking rate in the DH and WOH sequences but

with at least eight times higher average ATE.

4.5.2 Dynamic Sequences

As shown in Tables 4.6 and 4.7, DynaPix and DynaPix+ consistently outperform their

base methods by considerable amounts across both synthetic and real-world sequences.

The TR of WO with DynaPix+, for example, is 2.5 times better than DynaSLAM, with a

lower ATE as well. For the same sequence, DynaPix shows a remarkable 86% improve-

ment in ATE over ORB-SLAM2, maintaining the same TR.
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An exception is observed in the F sequence with DynaPix, showing a 15% shorter

tracking time compared to ORB-SLAM2. This is attributed to the camera facing feature-

less walls, immediately followed by an area with multiple dynamic entities, causing the

SLAM system to lose track in some trials. Nonetheless, average results from synthetic

sequences demonstrate the superiority of DynaPix and DynaPix+ over unmodified meth-

ods, with up to 3 times lower ATE, and for DynaPix+ ∼ 20% higher TR. DynaVINS,

probably thanks to the different backend system, achieves the best tracking rate (+25%),

at the expense of a ten times higher ATE when compared with DynaPix+. Overall, the

best ATR, i.e. 0.127, is obtained by using DynaPix, with DynaPix+ being a close second

with 0.214. DynaVINS, despite the higher TR, lags with an ATR of 1.471. Similarly,

evaluations on TUM RGB-D (Table 4.7) reveal DynaPix achieving 23 times better ATE

than ORB-SLAM2, with 100% TR (9.8% improvement). DynaPix+ has almost equal

ATE as DynaSLAM, but with a 6% higher TR, primarily driven by 16% and 8% improve-

ments in the rpy and xyz sequences, respectively. Meanwhile, WF-SLAM achieves the

best overall ATE but is associated with the worst TR, approximately 24%. DynaVINS,

on the other hand, cannot track the full trajectories, showing a TR of 97%. Moreover,

it also exhibits higher tracking rates in general. Therefore, its ATR is roughly ten times

higher than the one obtained with DynaPix+. This further highlights the importance of

not only relying on the best ATE to validate the results of Dynamic SLAM methods, but

also of the TR performance. Overall, these results indicate how retaining more features

and keypoints, while dynamically weighting their contribution within the backend, can

have a positive impact on both ATE and TR.

4.5.3 Ablation Studies

Our ablation studies for DynaPix and DynaPix+ on synthetic and real-world dynamic

sequences are reported in Table 4.8 and Table 4.9. The studies include i) disabling mov-

able estimation, i.e. the background differencing, ii) disabling moving estimation, i.e.

the optical flow component, iii) removing dynamic weighting, i.e. the threshold-based

keypoint selection without weighted BA, or iv) using estimated poses for both inpainting

and splatting synthesis. This last aspect is applied only to TUM RGB-D sequences due

to the lack of methods that achieve stable tracking on all GRADE sequences.

Disabling the movable estimation module affects both tracking rates and trajectory

errors. On real-world sequences, DynaPix shows an average 35% reduction in tracking

rate, highlighting how relying solely on optical flow is insufficient. Conversely, Dy-

naPix+ is more stable, largely thanks to the segmentation module from DynaSLAM.

However, trajectory errors are most affected by this ablation in synthetic sequences,

particularly those with unknown flying objects that (as expected) pose challenges for

pre-trained detectors. Excluding the moving estimation module instead impacts both tra-

jectory errors and experiment repeatability, with greater variances observed in both sets

of experiments. The overall increase in trajectory errors indicates that only relying on

potentially moving elements from the scene is ineffective in all situations.
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Chapter 4 Dynamic Visual SLAM: Benchmarking, Challenges, and Pixels

Notably, in this scenario, DynaPix’s TR for the FH sequence drops to 0.03 (0.04 for Dy-

naPix+) due to the numerous potentially dynamic objects observed by the camera at the

beginning of the experiment. This highlights again the importance of jointly analyzing

ATE and TR, especially in complex scenarios.

We then adopt standard BA optimization, i.e. without weights, and set a motion prob-

ability threshold of 0.05 for keypoints, i.e. features with higher values are excluded from

the process. This significantly impacts trajectory errors in both experiment sets, sug-

gesting a beneficial effect of integrating weights within the SLAM backend. Notably,

DynaPix under this setting performs better on GRADE sequences, but with increased

variances. Conversely, DynaPix+ demonstrates slightly lower trajectory errors and com-

parable tracking rates on TUM RGB-D, due to the segmentation module effectively re-

moving the majority of keypoints associated with humans.

Ultimately, we use pose estimates from a previous run of DynaSLAM for splatting

view synthesis and inpainting on TUM RGB-D sequences. For unavailable poses, such

as during periods of non-tracking, we resort to the estimated poses from the nearest

neighboring frames, where most errors can be reduced by flow differencing.

Overall, these experiments illustrate the positive effect of our introduced components

on both tracking rate and trajectory error. This is also closely related to the specific

characteristics of each testing sequence. Indeed, for scenes where humans are the only

moving entities and positioned far from the camera, a simple segmentation method may

suffice. However, the presence of additional moving objects, as seen in the F and FH

sequences from GRADE, or failures in the detection network, as with rotated humans in

rpy sequence, necessitates a more generalized approach like DynaPix.

4.6 Conclusions

In this chapter, we not only verified that GRADE can be used to extensively test Visual

SLAM approaches, but we also introduced DynaPix. DynaPix is an offline Dynamic

Visual SLAM method that innovatively integrates pixel-wise motion probability esti-

mation into a customized SLAM framework. The dual-stage process blends movable

and moving estimations from frame differencing and splatted optical-flow subtraction,

respectively. These motion probabilities are then employed in the tracking and backend

optimization procedures of ORB-SLAM2 via a dynamic weighting mechanism. Through

extensive testing on synthetic and real-world sequences, we underscore the importance of

jointly analyzing trajectory errors and tracking rates in SLAM evaluation and showcase

the superior performance of DynaPix and DynaPix+ over ORB-SLAM2, DynaSLAM,

DynamicVINS, and WF-SLAM. Our findings highlight the advantages of distinguishing

between static and moving parts of dynamic entities and weighting their influence based

on motion status, thereby improving the robustness and accuracy of dynamic V-SLAM

methods.
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Chapter 5

Using Synthetic Data for UAV-Based

Zebra Detection and Pose Estimation
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Chapter 5 Using Synthetic Data for UAV-Based Zebra Detection and Pose Estimation

Unlike the case for human-centered data, large-scale annotated datasets for wild ani-

mals are scarce. Wildlife monitoring also presents additional challenges, including out-

of-distribution aerial viewpoints (to avoid robot-animal interference), diverse environ-

ments, and significant domain shifts. Moreover, collecting and annotating real-world

data in these settings is costly, labor-intensive, error-prone, and often impractical. Thus,

synthetic data is increasingly being used to overcome these issues. However, most prior

works still rely on real images, style adaptation techniques, or pre-trained models to

bridge the syn-to-real gap.

In Chapter 3, we demonstrated that syn-to-real learning is effective for human detec-

tion and segmentation in indoor environments. A key factor in this success was the high

variability in human shapes, poses, and appearances in our generated datasets. Build-

ing on these findings, in this chapter we use only synthetic data to train models capable

of detecting and estimating the 2D poses of wild animals — specifically zebras — ob-

served from aerial viewpoints. While detection is crucial for localizing animals, pose

estimation enables activity recognition and can serve as a prior for shape estimation and

health assessment [22]. To this end, we extend GRADE to generate a fully photorealis-

tic dataset of zebras observed from multiple aerial perspectives. Our approach ensures

high variability and control over environmental factors, avoids real-world data collection

challenges, and finally enables training models exclusively on synthetic data. Moreover,

previous works mostly focus on pose estimation and often assume that accurate detec-

tions are readily available. However, as we will show, this is often not the case as these

two tasks, while related, have distinct challenges. Detection must handle occlusions,

background clutter, and scale variations, whereas pose estimation focuses on capturing

an animal’s skeletal structure. Our approach, called ZebraPose, is the first full top-down

approach that jointly addresses both tasks.

To assess our performance we conduct extensive experiments using YOLOv5 (detec-

tion) and ViTPose+ (2D pose estimation). Specifically, we examine how models trained

purely on synthetic images generalize to real-world aerial and non-aerial datasets, an-

alyzing different training strategies, dataset compositions, and backbone initializations.

Our results demonstrate that synthetic data alone can be sufficient for training models that

generalize effectively to real images, even in challenging scenarios. To further support

our analysis, we introduce a new, extensive real-world dataset collected at the Wilhelma

Zoo in Stuttgart.

This chapter is further structured as follows: we first introduce the problem (Sec-

tion 5.1) and review the state of the art in top-down animal 2D pose estimation (Sec-

tion 5.2). We then describe our datasets. First, our generation process using GRADE in

Section 5.3, detailing how we ensure visual realism and diversity, and then our real-world

dataset (Section 5.4). Next, we perform an extensive analysis of model performance

across various real and synthetic test sets and modalities in Section 5.6. Through this

study, we establish that synthetic data is a viable alternative for training robust animal

detection and pose estimation models, with significant implications for wildlife conser-

vation and ecological monitoring (Section 5.7).
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5.1 Top-Down 2D Zebras Pose Estimation

Figure 5.1: An example image of our synthetically generated zebras in a Savanna envi-

ronment.

5.1 Top-Down 2D Zebras Pose Estimation

Having a large dataset that includes realism and diversity in features is a fundamen-

tal building block for obtaining any working and reliable deep-learning model. This is

especially true when dealing with visual tasks such as detection, semantic segmenta-

tion, and shape estimation. A variety of datasets have been introduced during the last

decades to address various image-based tasks like MNIST [115], COCO [129], and

PASCAL-VOC [62]. These have historically been based on real-world data, be these

images or videos, often manually labeled by humans. However, manual annotation can

be costly, time-consuming, and prone to errors [184], as we also show in Figures 5.3

to 5.5. Alternatively, applications like human pose estimation can also leverage large-

scale datasets obtained in controlled environments and motion capture systems [140] that

help in this process. Still, semi-automatic systems such as VICON halls are impractical

for animals, and they generally present several limitations, such as the limited number

of subjects they can track or the constrained scenarios. These limitations are particularly

significant in problems such as aerial human pose estimation [187], animal pose esti-

mation [270, 271], or aerial wild-animal detection. Moreover, these datasets are usually

application-specific and can hardly be generalized to different scenarios, tasks, or data.

For example, wild animals are widely under-represented in datasets such as COCO or

PASCAL-VOC [31, 254, 256]. Indeed, apart from a limited number of labeled images

and videos of uncommon animal species such as zebras, hippopotami, and giraffes, there
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Chapter 5 Using Synthetic Data for UAV-Based Zebra Detection and Pose Estimation

is also a general lack of variety of scenarios in which those are recorded. Taking zebras

as an example, there are only 1916 training and 85 validation images containing at least

one instance of them in the COCO dataset. For these reasons, as we also saw previously

in this thesis, methodologies to generate synthetic data have become more ubiquitous

since the advent of rendering engines such as Unity, Blender, Unreal Engine, and Isaac

Sim. These are advantageous in multiple aspects since they allow the generation and

automatic labeling of ground truth data through full customization possibilities and with

minimum human effort. Indeed, synthetic data has been used in a variety of tasks, such

as human detection [59], pose and shape estimation of humans [20, 187], and semantic

segmentation [189]. However, they usually lack the visual realism necessary to general-

ize well to real-world data if used alone. Thus, a combination of real and synthetic data,

or other adaptation techniques, are often utilized [59, 99, 100].

Figure 5.2: A sample of our synthetic data. Zoomed inset: an individual with all the 27

keypoints labeled.

In this chapter, our focus is on aerial-based detection and pose estimation of wild

animals. This is instrumental in providing valuable insights by enabling non-intrusive

monitoring of animal health, motion patterns, and interactions with their natural envi-

ronment [269]. However, the availability of animal-focused datasets collected in the

wild remains scarce. Additionally, many existing ones lack aerial perspectives and

out-of-distribution viewpoints [13]. This domain gap remains a critical bottleneck for

conservation-focused DL applications, limiting their real-world in-the-wild applicabil-

ity. Moreover, wild creatures cannot be easily restrained without inducing stress, altering

their behavior, or removing them from their natural habitats [23,226]. As such, obtaining
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5.1 Top-Down 2D Zebras Pose Estimation

diverse and accurately labeled animal data remains a significant challenge, making re-

search in unconventional domains, such as wildlife monitoring, animal pose estimation,

and aerial image analysis, hindered by the lack of labeled data [98, 99, 100]. The chal-

lenge lies in acquiring diverse, high-quality datasets that enable DL models to generalize

effectively across different environments and observation points. This is particularly

pressing for species like Grévy’s zebra, i.e. the focus of this chapter, an endangered

herbivore whose population dynamics can influence entire ecosystems [204].

As aforementioned, a promising approach to overcoming these limitations is synthetic

data [119, 271]. Synthetic datasets enable precise annotations, controlled environmen-

tal conditions, and the generation of large-scale, diverse samples. However, while both

detection and pose estimation can benefit from synthetic data, their requirements dif-

fer. Detection performance depends on background realism, camera-subject distance,

and viewpoint variability, whereas pose estimation relies on capturing intra-body rela-

tionships and depth cues [59, 98]. Generating effective synthetic datasets thus requires

both (i) an automated procedure to cover the target data distribution and (ii) strategies to

bridge the synthetic-to-real gap. Many existing approaches address only one of these as-

pects, often simplifying backgrounds or relying on domain adaptation techniques such as

style transfer or real-image supervision [13,119]. As a result, achieving robust real-world

generalization using purely synthetic data remains an open challenge [98].

To solve this problem, and building upon our previous findings (Section 3.6.2), we

generate a new synthetic dataset using our GRADE framework, a publicly available ani-

mated zebra model, and environments from the Unreal Engine marketplace. An example

of the generated data can be seen in Figures 5.1 and 5.2. Using this, we propose a unified

approach for both detection and 2D pose estimation of zebras using only synthetic data,

i.e. a full top-down method. Unlike prior pose estimation works that often assume a pre-

trained detector, we show that detection itself can be a bottleneck, especially in aerial

settings (Section 5.6). First, we use the generated data to train YOLOv5s models for

zebra detection and evaluate them on (i) existing real-world datasets and (ii) our newly

introduced high-resolution dataset of 104K precisely labeled aerial images, showing that

training with our synthetic data outperforms the baseline models trained on real-world

datasets. However, our evaluations also indicate how the generated data can hardly gen-

eralize to common, non-aerial, close-to-the-zebras viewpoints. This is a consequence

of our data generation strategy, which was initially focused on far and aerial point-of-

view. Indeed, after increasing the dataset variability through systematic image cropping,

scaling, and augmentation, the generalization to non-aerial images (e.g. the ones in Fig-

ure 5.9) significantly improves, showing once more how the quality of the data and the

domain coverage are important factors. After that, we automatically annotate all syn-

thetic animals with 27 ground-truth keypoints (i.e. the 2D pose) extracted from their 3D

meshes and train a ViTPose+ [248] model using both pre-trained and randomly initial-

ized backbones. Extensive benchmarking confirms the generalization of our models to

real-world zebra imagery. We further demonstrate that minimal real data enables effec-

tive adaptation to horse pose estimation.
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In summary, our main contributions are:

• A large-scale, richly annotated, synthetic dataset of zebras collected in different

wild environments.

• A generalized detection and 2D pose estimation pipeline for zebras trained exclu-

sively on synthetic data, validated through extensive benchmarking on real-world

datasets.

• An in-depth study on the synthetic-to-real gap for both detection and pose estima-

tion, analyzing how dataset variability and augmentation improve generalization.

• A large dataset of zebras observed by UAVs and precisely labeled with bounding

boxes.

5.2 Related Works

There are not many animal-based datasets available in the literature [31, 125,254], espe-

cially considering full 3D-vertices information and precise segmentation. This is related

to the difficulties of collecting and labeling ground truth data in outdoor scenarios. Var-

ious approaches have been applied to overcome this problem, ranging from using toy

models [270, 271], merging different datasets [254], or using synthetic data [119, 125].

However, all of them fall short in some aspects, such as a lack of animal species vari-

ability, size, pose and shape information, skeletal joints location, or limited capturing

settings. For example, Horse-10 [143] has only horses moving left-to-right. The Grévy’s

zebra dataset [77] consists only of 900 low-resolution images that do not contain ei-

ther correct bounding boxes or labels for all animals. An example of this is provided

in Figure 5.3. AnimalPose [31] focuses on a limited set of animals, in which zebras

are not included. The 4DComplete dataset [125], although it contains various animal

animations, textures and FBX files were not released with it, making it impossible to

customize. While they provide rendered RGB-D images and scene flow, the renderings

do not include background information. Other synthetic datasets, such as the one from

Mu et al. [150], contain data that cannot be used to train a successful detector since they

are generated with unrealistic backgrounds and textures [150]. These also suffer from

the low viewpoint variability and diversity of scenarios, such as the data from COCO.

We must also note that, as shown in Figures 5.3 to 5.5, COCO and other datasets are not

exempt from wrong or imprecise labeled data.

Moreover, due to the diversity observed within the animal kingdom—even among

closely related species such as Canidae and the challenges in acquiring (pseudo)ground-

truth data, it is difficult to construct a universal animal model analogous to what SMPL

is for humans [138]. As a consequence, synthetic data generation for animals typ-

ically involves stitching onto randomized backgrounds CAD or SMAL-based mod-

els [270, 271] that are animated via manual manipulation, pre-fitting to real images, or
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5.2 Related Works

Figure 5.3: Examples of missing bounding boxes and keypoints from the Grévy’s ze-

bra [77] dataset. Image IDs 869 (left) and 882 (right).

posing VAEs [31, 99, 100, 119, 150]. While this approach enables rapid data generation,

it often introduces scale inconsistencies, poor blending with the scene, and unrealistic

lighting. Indeed, existing synthetic datasets are primarily designed for 2D pose estima-

tion (i.e. keypoints estimation), focusing on joint orientation and positioning rather than

overall visual fidelity [98]. This limitation, coupled with the absence of robust priors,

leads many studies to face real-world generalization issues. To mitigate the synthetic-to-

real gap, researchers frequently rely on domain adaptation or semi-supervised learning

techniques—leveraging large quantities of unlabeled real images or enforcing consis-

tency, style, and other constraints during data generation [100, 119, 120, 150]. How-

ever, despite some performance gains from incorporating unlabeled data, these meth-

ods often suffer from overfitting and noise in the refinement of synthetic data predic-

tions [98, 99, 120], and they are typically evaluated on only a limited set of datasets.

Moreover, while recent approaches such as [132, 263] have integrated large language

models (LLMs) with synthetic data to address common issues like left/right flipping,

their performance still lags behind state-of-the-art models such as ViTPose+ [248]. Re-

cent work on human pose estimation [20] further highlights the importance of photore-

alism in bridging the synthetic-to-real domain gap.

Finally, a critical limitation of current keypoints estimation methods using synthetic

data is the underlying assumption that detection is already solved [98,99]. Most synthetic

datasets consist of tightly cropped images around the animal [119,150], which speeds up

rendering and yields crisp images ideal for pose estimation. However, this cropping ren-

ders the data unsuitable for training detection models since the animal always occupies

the full image and occlusions are rare.

141



Chapter 5 Using Synthetic Data for UAV-Based Zebra Detection and Pose Estimation

(a) Elephant labeled as a zebra (b) Two unlabeled individuals

(c) Bounding box is not tight (d) Bounding boxes are not tight

Figure 5.4: Examples of annotation errors in the APT-36K dataset.

Therefore, most works do not evaluate the joint task of detection and pose estimation

using synthetic data, assuming off-the-shelf, high-quality detections. In ZebraPose, we

leverage GRADE first to learn to detect animals directly from synthetic images. In our

approach, we generate visually realistic data using easily obtainable models within a

photorealistic simulator. Moreover, we evaluate the impact of image resolution in either

training or validation and show how it might significantly impact performance. While

doing that, we also implement an effective data augmentation technique that allows us

to use our synthetic data, whose viewpoint generation strategy predominantly produces

aerial perspectives, to train models working in commonly available real-world datasets.

Finally, we employ the same dataset to learn a 2D pose estimation method, obtaining the

first full top-down 2D pose estimation approach trained only on synthetic images.

5.3 Synthetic Data Generation

Using the GRADE framework, we generate a dataset of zebras living within outdoor

environments. Notably, thanks to the flexibility of GRADE, this approach will be easily

applicable also to other animal species or setups. Similarly to the previous section, here

we proceed to describe the environments, assets, and generation procedures.
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5.3 Synthetic Data Generation

(a) ID: 20164, missing bounding boxes (b) ID: 22149, toy labeled

(c) ID: 32206, wrong bounding box (d) ID: 533961, imprecise bounding box

Figure 5.5: Examples of wrongly labelled zebras from the COCO [129] dataset.

5.3.1 Environments

We selected nine commercial and one freely available environments from the Unreal

Engine marketplace. We used the Unreal Engine Omniverse connector to convert them

to the USD file format. We list the environments with the corresponding shortened URL

in Table 5.1. For every environment, we use the available demos and pre-built scenarios

directly, without introducing any custom changes. Then, we proceeded to remove the

original sky sphere and fix textures when necessary, as the connector does not support

full export of the terrains from Unreal Engine, resulting in a lower level of detail, e.g.

missing 3D grass, some textures, and level of details. We replaced the textures with some

taken from Isaac Sim itself, resembling the color of the grass.
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(a) RGB image (b) Depth image

(c) 2D bounding boxes (d) Instance segmentation

(e) 3D bounding boxes (f) Mesh vertices

(g) Second view (h) Third view

Figure 5.6: An example of the generated data following the pipeline described in Sec-

tion 5.3.4.
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5.3 Synthetic Data Generation

Environment Name URL

Bliss https://bit.ly/3HD3zYP

Forest https://bit.ly/3mYQv8Z

Grasslands https://bit.ly/3HD3zYP

Iceland https://bit.ly/3Ax8zKi

L Terrain https://bit.ly/3V6H7MU

Meadow https://bit.ly/3Hgxk1n

Moorlands https://bit.ly/3oHT1ku

Rural Australia (Free) https://bit.ly/3i5j6Hi

Windmills https://bit.ly/3AvVTDK

Woodland https://bit.ly/3mYQv8Z

Table 5.1: Names and shortened URLs of the used environments.

5.3.2 Dynamic Assets

We use the same zebra model from SketchFab we used in Section 3.4.1. It consists

of 17 different in-place animation sequences, i.e. without root translation or rotation

movements, for a total of 888 animation frames. We converted each animation sequence

to the USD format using Blender and its Omniverse connector, leveraging the work we

already did for humans. Then, we post-processed the sequence to obtain per-frame vertex

positions and skeletal information. This allows us, for every generated frame, to have

corresponding ground truth information on these two characteristics. The vertices are

used to compute oriented bounding boxes we then employ in the placement procedure.

5.3.3 Placement of the Zebras

Zebra placement is based on an ad-hoc procedure, repeated every time a frame is gener-

ated. We select a specific mesh for every environment as terrain, representing the area

over which we will place the zebras. The placement consists then of four main steps: i)

selecting a random rectangular area of the terrain, ii) randomly selecting a set of zebras,

iii) choosing for each zebra a frame of its animation sequence, a scaling factor, and a

global orientation of the zebra, iv) place the zebra in the rectangular area considering the

bounding-box occupancy. The sides of the rectangle are randomly selected to be between

40 and 120 meters, while the scaling factor ranges between 40% and 100%, allowing us

to obtain a higher degree of variability. The placement is an iterative procedure that

considers one zebra model after another. Any model that cannot be placed following a

detected collision is removed from the simulation. The final results depend mostly on

the resolution of the terrain mesh for both collisions between meshes and contact of the

zebras with the ground. In general, we noted that collisions are rare and that contacts
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with the ground are good, although the hoofs of the animals sometimes fall below the

surface, as we do not optimize for the roll and pitch angles of the asset.

5.3.4 Data Generation Methodologies

Contrary to what we did for indoor environments in Section 3.5, here we focus on image

generation rather than video sequences. We also perform a series of randomization for

each captured frame, i.e. the i) time of day, ii) number of zebras in the environment,

iii) their scaling factor, iv) their specific animation frame, and the v) placement of three

cameras that will record the scene. Specifically, given any environment, we set up three

aerial cameras and randomly pre-loaded 250 zebras at the beginning of each experiment.

We then uniformly select the number of zebras that will be placed in the next frame. This

number is set to be between 2 and 250. Note that this is not the number that will appear

in each frame, nor is it the final number of zebras that are actually placed. As explained

above, the placement strategy may remove some zebras, and the camera may not observe

all the zebras from a given standpoint. Once the placement happened, we randomized

the location of the cameras and the time of day three times. The time of day will be 90%

of the time between 5 am and 8 pm, which results in good lighting conditions given our

current settings, and 10% of the time in the remaining hours, resulting in dusk-to-night

light settings. This further varies the appearances of both the generated frames and the

shadows. Cameras are placed using the average location of the zebras as a pivot point.

For the placement of the cameras, we distinguish between two slightly different image-

generation procedures: one more general and one more focused on capturing zebras from

a nearer viewpoint. We first describe the former and then identify the minor modifications

that we applied to the latter. From the pivot point, we randomize the distance in the x-y

plane and the height of the camera. The height is set to be between 5 and 20 meters more

than the average of the zebras, while the x and y are set to be between -/+ 100 meters.

Once the position is fixed, we can compute and randomize roll, pitch, and yaw. Roll

is set to be within [−10,10] degrees, yaw is set to be the ray that connects the camera

and the pivot point with an additional random [−30,30] degrees. Pitch is computed

as the atan2(pivotz − camz,d(pivot,camera))+ 15 degrees, where d(pivot,camera) is

the distance in the x, y plane. The modifications applied to this methodology during

the second image-generation procedure are as follows: the x and y positions are set to

be within 5 meters of the virtual bounding box containing all zebras, the yaw has an

additional [−15,15] degrees component instead of the [−30,30]. This results in images

that are closer to the zebras than the ones obtained from the former camera placement

strategy.

For each environment, we randomly place the zebras 200 times, resulting in 600

frames per experiment and camera, i.e. 1.8K frames in total. After the generation process

is complete for all ten environments, this totals 18K frames captured with the first camera

placement strategy, and 18K with the camera set to be closer, i.e. 36K frames. For each

frame, we save the pose of the cameras, zebra skeletal pose and meshes vertices, ground
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5.3 Synthetic Data Generation

truth depth, and instance segmentation, as shown in Figure 5.6.

Figure 5.7: An example of before [left] and after [right] the cropping and scaling proce-

dure (Section 5.3.5).

5.3.5 Synthetic Data Enhancement

By analyzing the performance of the detectors trained with the data generated using the

above sections, we notice that the trained models cannot generalize to common images,

especially when the zebra is close to the camera and the viewpoint is low. Since we

rely on a photorealistic simulator, use realistic assets, and achieve good performance

in the detection from aerial views (see Section 5.6.1), we can assume a good general

quality of the data in terms of photorealism. We thus argue that the reason for the only

synthetic-trained detector to fail on common images is related to the actual distribution

of the viewpoints and the relationship that exists between the size of the individuals and

images during testing. Indeed, since cameras’ locations are uniformly randomized, the

number of times they are near the animals is much lower than when they are far from

them. Moreover, the training and validation input dimension of YOLOv5 can impact

the performance of the network itself, as we show in Tables 5.6 and 5.7, since scaling

influences both the size of the objects in the scene and the visual quality. For example, a

90px wide box in a 1920×1080 image when scaled to a 640×480 image becomes three

times smaller, i.e. just 30px wide.

Following the intuitions above, instead of generating new synthetic data by creating a

new pipeline, we augment the previous dataset to obtain wider coverage of the desired

distribution. Since the original dataset has been rendered from random viewpoints, the

individuals in the images tend to be small. Therefore, to create images with bigger, and

thus virtually ‘closer’ to the camera, animals, we employ a new targeted crop and scale

procedure. We first select all the animals whose bounding box area is greater than a given

threshold for each image in the training and validation sets. Each box is randomized

using a random offset between 0 and 150 pixels on each side, creating a rectangular area

around the animal. We then cropped this box and rescaled it to the original image size

(i.e. 1920× 1080). The annotations are finally generated from the upscaled ground-
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truth segmentation masks of the crop itself. Note that the upscaling operation degrades

the quality of the final image, as it acts as a digital zoom, and we do not re-render the

scene. We set the threshold on the original bounding box area to 5000 pixels to filter

excessively small animals. An example of a zoomed-in individual is given in Figure 5.7,

while the variation of the cumulative density function of the boxes’ dimensions is shown

in Figure 5.8.
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Figure 5.8: Cumulative Distributions of height and width ratio with respect to image size

for SC and SC5K datasets.

5.3.6 2D Pose Labels

To obtain the keypoints information, we exploited the known 3D location of the camera

and the 3D vertex location for each individual. We create 27 different groups of vertices,

corresponding to 27 different keypoints. The resulting keypoints, depicted in Figure 5.2,

are: four hoofs, four knees, four thighs, the tail start and end locations, eyes, ear tips and

bases, start and end of the neck, nose, skull, body middle, and back end and front. From

each set of vertices, we compute the 3D average location and project it to the image.

Using the COCO convention, we mark as visible the keypoints within the instance mask

of the animal, and as occluded the remaining ones. Note how this procedure is easily

customizable. For example, by leveraging the known depth information or additional

heuristics, one could skip some keypoints or decide to label all occluded ones. We label

only the individuals whose maximum bounding box dimension, either width or height,

exceeds 30 pixels. As we use a top-down approach, each annotation is separately cropped

and scaled to the input size of the selected model and only then used for training and

validation, with the loss computed only on the labeled keypoints. This automatically

diminishes the impact of the relative distance between the camera and the animal, while

influencing the sharpness of the final crop. Finally, we map the 17 canonical keypoints of

datasets such as APT-36K to our 27 to be able to train models using mixed data. Note that
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5.4 Real world data

the whole set of animations of the synthetic zebra model consists of only 888 different

poses. Out of those, 440 are part of idling ones, thus practically static; this makes the

“animated” ones a rather limited amount if compared to other datasets [100, 150, 207].

(a) R1 (b) R2

(c) R3 (d) RP

Figure 5.9: Examples of our real world collected images used for testing from the speci-

fied dataset. Three aerial and one ‘ground-level’ view. Best viewed in color.

5.4 Real world data

We performed several data collection experiments in a controlled scenario within the

Wilhelma Zoo in Stuttgart (DE). An example of the collected data can be found in Fig-

ure 5.9. We used two manually flown DJI Mavic 2 Pro drones, recording images at 29.97

fps at a resolution of 3840× 2160, and three GoPro Hero8, also with a resolution of

3840×2160 at 59.94 fps. None of the GoPros had fixed locations between experiments.

The data was manually synchronized using a recorded light signal that was visible to

all cameras at the same time. We then extracted one frame every five seconds from all

the videos. Of these, 905 images were randomly selected and annotated manually and
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precisely. These annotations were then used to train an SSD multibox [133] detector,

which, with Smarter-Labelme [165], allowed us to obtain bounding boxes on our video

sequences with ease. Out of all the data available, we finally selected three collections

during which the zebras were visible by both drones. The boxes on those sequences

were then manually refined in a final step. This procedure thus resulted in 905 precisely

annotated images and 104K frames annotated with [165], then manually checked and

refined.

5.5 Datasets and Metrics

5.5.1 Datasets

In the next sections, we will use the short names of the datasets introduced here (in bold).

When mixed datasets are to be used during training procedures, we will concatenate the

naming using the ‘+’ symbol. A recap of the datasets used, the animal(s) within them,

and their training/validation sizes are reported in Tables 5.2 to 5.4.

Synthetic

The Synthetic Full dataset, SF, is the dataset containing all the 36K synthetically gener-

ated images. These are then randomly shuffled and split into 80/20 train/validation sets.

Synthetic Closeby, SC, is the synthetic data generated only by the second strategy, as

described in Section 5.3.4, i.e. 18K images for which the camera is within 5 meters of

the bounding box containing all the zebras. This data is also divided randomly with an

80/20 ratio. For both SC and SF we also have SC640 and SF640, to indicate a different

scaling factor of 1920×1920 and 640×640 respectively during YOLOv5 trainings. We

then use SC to generate both the keypoints (Section 5.3.6) annotations and an augmented

dataset (Section 5.3.5), called SC5K. SC5K consists of 29K images divided again with

an 80/20 ratio. We also use the zebra images from the SpacNet [100] data, consisting

of 3000 generated frames with style transfer applied to them. We use this to evaluate

the quality of the synthetic data generated on the 2D pose estimation task, comparing a

vanilla generation with a more complex method (fully described in [100]).

SC SC640 SC5K SF SF640 SpacNet [100]

Train 14401 14401 23184 28801 28801 2640

Valid 3599 3599 5798 7199 7199 360

Table 5.2: Summary of the synthetic datasets used in this chapter. The numbers indicate

the number of images in each set. Both SC640 and SF640 are used to indicate that the

images of those datasets are scaled to 640× 640 and not 1920× 1920 during YOLOv5

training.
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5.5 Datasets and Metrics

Real — Aerial Viewpoints

R1, R2, and R3 are the three sets of real world data that were collected and labeled

by us with (almost) pixel-level precision bounding boxes as described in Section 5.4.

To distinguish between which drone captured the given sequence, we use the suffixes

D1 and D2. R1 consists of 19.7K images, R2 of 23.4K, and R3 of 8.8K, for each

drone. Therefore, the combined R123 dataset contains 104K images labeled with precise

bounding boxes. Moreover, we use R3100 to indicate a small subset of R3 of 100 training

and 100 validation images that we use in YOLO training. We will finally use RP to

indicate the set of the 905 real world images precisely labeled by us, sampled from

representative images from the previous Rx datasets and additional images captured with

the GoPros during the same experiments. Of them, 720 are randomly used in training

and 185 for validation. As before, RP640 is used to indicate that the same dataset scaled

to 640× 640 pixels is used during training of YOLOv5 instead of 1920× 1920. An

example of the bounding boxes of our real world data is provided in Figure 5.9. We also

provide two zoomed-in examples of not pixel-perfect labels in Figure 5.10. Note that

other datasets, e.g. COCO, also present such approximations, as in Figures 5.3 to 5.5.

R1 D[1,2] R2 D[1,2] R3 D[1,2] R3100 R123 RP RP640

Train — — — 100 — 720 720

Valid 19725 (x2) 23441 (x2) 8874 (x2) 100 104080 185 185

Table 5.3: Summary of our real world datasets of Zebras observed from aerial views

used here. The numbers indicate the number of images in each set. With Rx D[1,2] we

indicate to which drone the images belong, while with R3100 the subset of 100 images

that we used in training YOLOv5. R123 is the combination of all the Rx Dy. RP640 is

used to indicate that the images of RP are scaled to 640×640 pixels and not 1920×1920

during YOLOv5 training.

Real — Common Viewpoints

Contrary to previous works, we use multiple real-world datasets to evaluate our data and

thoroughly test our method’s generalization and flexibility. This is necessary as some

datasets, such as Zebra-300 [99], are simpler than others (Section 5.6). We adopt the AP-

10K [256] dataset, named A10 in this thesis. The full dataset consists of 10015 images

of various species already divided into training, validation, and test sets. Like other prior

works [98,100,119,150], we adopt the first split among the ones available. We subdivide

A10 into A10OZ, i.e. the subset containing Only Zebras, and A1099, i.e. a random

subset of 99 zebras (described in [99]). We also use the APT-36K [252] dataset, named

as A36, consisting of 2400 videos, summing up to 35K frames, of different animals.

Since an official split has not been released, we divide the dataset using an 80/20 ratio,
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Figure 5.10: Two zoomed-in examples of imprecisely automatically labeled data from

the R123 dataset. Specifically, the bounding boxes can either be slightly too loose or too

tight on the zebras.

keeping videos in either of the sets to avoid overlap. Again, we filter from A36 Only the

Zebras labels, obtaining A36OZ. Other zebras-only datasets we used are the Zebra-300

and Zebra-Zoo [99], which have been used only for validation purposes. Zebra-300

contains 40 images from the AP-10K test set, 160 images from the AP-10K unlabeled

set, and 100 from the Grévy’s zebra [77] dataset according to [99]. To evaluate the

generalization capabilities, we use the horse subset of the TigDog [53] dataset, which we

called TDH. We use the preprocessing from [119] to crop the images around the horses

and get train and validation sets. We also create a filtered TDH99 99-images subset. To

train YOLOv5s we also use the images containing zebras belonging to the COCO [129]

dataset. We used this in two variants CZ1920 and CZ640, signifying a different scaling

factor of 1920×1920 and 640×640 respectively.

A10 A10OZ A1099 A36 A36OZ Zebra-300 Zebra-Zoo TDH TDH99 CZ[1920,640]

[256] [252] [99] [99] [53] [129]

Train 7023 140 80 28457 960 — — 8380 80 1916

Valid 995 20 19 7026 240 300 100 1772 19 85

Test 1997 40 — — — — — — — —

Animal Various Zebras Zebras Various Zebras Zebras Zebras Horses Horses Zebras

Table 5.4: Summary of the real world datasets, containing for the most part common

viewpoints, used in this thesis. The numbers indicate the number of images in each set.

The type of animal(s) contained in the dataset is indicated in the last row. CZ1920 and

CZ640 are used to indicate that the images of CZ, i.e. the zebras in the COCO dataset, are

scaled to 640×640 and 1920×1920 pixels during YOLOv5 training.
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5.6 Experiments

5.5.2 Evaluation Metrics

The detection models are evaluated using the mAP and mAP50, i.e. the COCO standard

average precision metric averaged over different IoU thresholds (mAP@[.5, .95]) and the

PASCAL VOC’s metric (mAP@.5). The pose estimation models are instead evaluated

using the percentage of correct keypoints (PCK). The threshold for the PCK is set to 5%

and 10% of the maximum size of the bounding box. We indicate those respectively P0.05

and P0.1. For all the metrics, the perfect result is 1.

5.6 Experiments

Here, we seek first to demonstrate that the synthetic data generated by our method can

be used effectively for a vision-based task highly related to image features and context,

such as the detection of zebras in outdoor wild environments from an aerial point of

view. We hypothesize that, by training a model using only synthetic data acquired in a

realistic simulation environment, we can achieve detection performance on real images

comparable to a model trained on a manual and very precisely labeled set of real images.

Our first goal is therefore proving that synthetically generated data alone can be used

to train a network capable of detecting zebras with high accuracy in real world images

in uncommon scenarios. Thereafter, we seek to improve the performance of the said

detector, which does not generalize well to common images, to have a good overall

average accuracy also when considering common images. After achieving that, we use

the same synthetic data to train a 2D pose estimator. With those components, we seek

to obtain a complete top-down system fully based on synthetic data, without relying on

real world data or syn-to-real transfer techniques.

5.6.1 YOLOv5s Based Detection

All the YOLOv5s training runs are made from scratch with the default hyperparameters

and for the standard 300 epochs. We do not introduce any additional data augmentation

technique different from the one applied by default by the YOLOv5 code. This consists

of some randomization in the scale, horizontal flip, translation, and HSV color space

factors. We do not modify these values to have a fairer comparison across the models that

would not require parameter grid searches or other steps when compared to the baseline

pre-trained model. We save the best model, as evaluated on the specific validation set,

and compare it over multiple datasets. With these comparisons, we demonstrate that,

with our synthetic data, we can successfully capture real world features. This, while also

obtaining trained models which show, in general, improved performance when compared

to the pre-trained ones. Here, due to the limited availability of images, we use the totality

of the A36OZ (1200 images) and A10OZ datasets (200 images). During these tests, we

also noticed an overlap between A10OZ and CZ of at least nine images.
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Detection — Aerial Images

Our baseline for comparison consists of the network pre-trained on the full COCO

dataset. Following common practices, here we first train and evaluate the models us-

ing the same scaling option, i.e. models trained on 640× 640 pixels are evaluated on

the same image size. We perform training using both the default 640× 640 image size

and then increase that to 1920×1920 pixels. Note that all models trained with RP have

been exposed to representing data coming from Rx Dx, giving them an advantage in the

corresponding evaluations.

All our results are reported in Table 5.5. Additionally, we present some qualitative

samples using images from the CZ, A36, R2, and RP datasets for the main models in Fig-

ure 5.11. We immediately notice how the models trained on the bigger image size show

better performance across all datasets and metrics. This is true for all synthetic, i.e.

SF640, SF, SC640, SC, and real-world data, i.e. RP640 and RP. The only exception is the

model trained using RP640 that performs ∼ 10% better than RP when evaluated on the

A36OZ data. At the same time, the model pre-trained on the COCO dataset works well

only on the A36 dataset with a mAP50 of ∼ 88%, further showing the low variability of

this data and the incapability to generalize to both different points of view or scenarios.

Indeed, the YOLO model pre-trained on COCO achieves at most ∼ 58% accuracy on

our data, with an overall weighted average of ∼ 47%. The fact that the COCO data is

representative of the A36OZ dataset is also manifested by the performance obtained by

the model trained with RP+CZ1920 dataset.

Considering now the synthetic data, i.e. SF and SC, we can see that the best model

overall is SC by achieving ∼ 5% higher mAP and mAP50 across all tests, with a peak

of ∼ 15% on the R3 dataset. This is probably related to the first of the two genera-

tion procedures, which resulted in long distances between the zebras and the cameras

(Section 5.3.4). Our real-world data instead comprises mostly zebras that are reasonably

“near” the drone, as seen from the pictures in Figure 5.9. Furthermore, the synthetic

models may perform poorly on the RP validation set and A36OZ due to the generation

process. These sets have diverse images, including zebras close to the camera in a side

view or hidden behind bushes and trees, e.g. second and fourth rows in Figure 5.11. Fi-

nally, by comparing SC with the model pre-trained on COCO, we can see how across all

data excluding A36OZ, we obtain higher performances on both metrics of considerable

amounts, ranging between ∼ 20% and ∼ 45%.

We can then compare the differences between the models trained on synthetic data and

real-world data. For this, we will focus on comparing SC and RP. The weighted average

gap is only 4.9% in the mAP50 and 3.2% on the mAP. The big difference in the simple

average is mostly linked to the results obtained in the validation set of RP, which was to

be expected. Indeed, we can notice how the model trained on synthetic data performs

considerably worse in the RP dataset, with a ∼ 58% reduction in mAP50 and ∼ 41%

on mAP. A similar result is depicted when we consider tests on the R3 Dx data, with

reductions of ∼ 16% and ∼ 6−10% for the two considered metrics.
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5.6 Experiments

Nonetheless, with all other datasets, the model trained on synthetic data is comparable

to the one trained on real world captured images with differences of just about 1− 5%.

Recall that the RP model was trained on the RP dataset itself, composed of images from

the Rx experiments and additional images from point-of-views not generated by our

procedure. This clearly demonstrates that, on the considered datasets, the model trained

solely with the synthetic data generated using the pipeline described above is perfectly

capable of detecting zebras by achieving similar performance on all but two datasets

when compared with RP, and significantly overcoming the model pre-trained on COCO

in all but the A36 dataset.

After we establish that the bigger image size yields better performance and that SC

is superior to SF, we train the network with mixed datasets. These are i) SC+CZ1920,

which combines SC training and validation sets with images from COCO’s correspond-

ing splits, ii) SC+CZ1920+R3100, which adds 100 train and 100 validation images ran-

domly sampled from R3, and iii) RP+CZ1920, which merges RP and CZ sets. Unsur-

prisingly, the model based only on real-world data, i.e. RP+CZ1920, performs well on all

datasets. The slight reduction in performance in the R2 and R3 datasets is well compen-

sated for by the generalization obtained in A36. This is also the model with the highest

average mAP and mAP50. We believe that this is mostly linked to how the dataset was

built, with RP that contains data from all Rx experiments combined with the 1916 train-

ing images of COCO. Despite that, it is interesting to notice how the models trained

with a mixture of synthetic and real-world data are generalizing across all the datasets

as well. Specifically, combining SC and COCO, i.e. SC+CZ1920, resulted in a signifi-

cant improvement of the performance solely in the A36 dataset, with minor ones in other

datasets as well. If to this data we add the 100 samples from R3, i.e. SC+CZ1920+R3100,

we achieve considerable improvements with respect to SC on all datasets.

The most noticeable are the ones on A36, of around 55%, and on the RP dataset, of

around 10%. The improvement on the R3 data is to be expected since we mixed 100

images from that set. Nonetheless, it is remarkable that just a small change in the data

brought a ∼ 34% increase in the mAP for this validation test. The SC+CZ1920+R3100

is the model with the highest weighted average precisions and is the second best when

considering the average mAP and mAP50. We believe that this model would be further

improved by having more samples from the COCO dataset in the validation set or, over-

all, a better-balanced set of samples. Considering that SC is made of 18K images, and

both COCO and R3100 make up for 2K training images and only 300 validation ones,

we can expect an ‘overfit’ of the final selected model towards scenes which are strongly

represented by the synthetic images. Also, in this case, the significant difference in the

average mAP and mAP50 is mostly linked to the gap in the results in the RP validation

set. For completeness, we also trained the SC+CZ1920+RP model, i.e. using the closeby

synthetic data, the coco data, and the small set of real-world data which was precisely

labeled. As expected, this is the model that performs best in the majority of the tests,

excluding the A36 dataset, where the pre-trained model performs best, and in R3 D1.

However, we must note that RP contains data from all R1, R2, and R3 datasets in both
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the training and validation sets. Thus, the results in these cases are clearly driven by this

information. What is interesting to notice is that all mixed models perform similarly in

the A36 dataset, with ∼ 70% of mAP50 and ∼ 38% mAP, further indicating that a bet-

ter balancing in the validation set might further boost the performance of these models.

Alternatively, a more representative generation strategy could be employed by includ-

ing camera locations relative to the zebras more similar to the ones that we can find in

the A36 or the COCO dataset. The results suggest that such an approach would be ef-

fective as well, perhaps in conjunction with a minimal amount of annotated real-world

data. Finally, considering that zebra stripes are notoriously specific to the individual, it

is interesting to notice how, even though we use the same texture for all our generated

zebras, we are still able to generalize to different individuals well. This suggests that the

network does not focus and learn specifically the pattern it is shown, but rather the gen-

eral appearance of the animal itself. In the next section, we will address this limitation

by leveraging the SC5K dataset we introduced in Section 5.3.5.

Val. Set → A36OZ A10OZ RP R123 Average W. Avg.

Train Set ↓ mAP50 mAP mAP50 mAP mAP50 mAP mAP50 mAP mAP50 mAP mAP50 mAP

SC 0.613 0.343 0.455 0.245 0.158 0.116 0.581 0.382 0.452 0.271 0.580 0.380

SC5K 0.676 0.361 0.583 0.318 0.164 0.119 0.605 0.408 0.507 0.302 0.605 0.407

SC+RP 0.690 0.414 0.552 0.315 0.471 0.256 0.734 0.502 0.612 0.372 0.732 0.500

SC5K+RP 0.753 0.434 0.613 0.352 0.464 0.254 0.769 0.520 0.650 0.390 0.768 0.518

SC+CZ1920 0.827 0.495 0.889 0.601 0.163 0.119 0.565 0.375 0.611 0.398 0.568 0.377

SC5K+CZ1920 0.846 0.521 0.917 0.632 0.171 0.124 0.646 0.436 0.645 0.428 0.648 0.437

SC+CZ1920+RP 0.861 0.534 0.894 0.603 0.447 0.244 0.731 0.500 0.733 0.470 0.732 0.500

SC5K+CZ1920+RP 0.872 0.545 0.911 0.631 0.459 0.247 0.770 0.524 0.753 0.487 0.771 0.524

CZ1920 0.868 0.524 0.896 0.621 0.081 0.044 0.146 0.072 0.498 0.315 0.155 0.078

CZ640 0.888 0.575 0.903 0.646 0.208 0.135 0.411 0.249 0.602 0.401 0.417 0.253

Table 5.6: YOLOv5s models validated using images scaled to 640× 640 pixels. We

report mAP50 and mAP for each validation set (columns), compute the average and the

weighted average (on the number of images), and bold the best metrics.

Val. Set → A36OZ A10OZ RP R123 Average W. Avg.

Train Set ↓ mAP50 mAP mAP50 mAP mAP50 mAP mAP50 mAP mAP50 mAP mAP50 mAP

SC 0.150 0.053 0.076 0.021 0.331 0.228 0.911 0.611 0.367 0.228 0.899 0.603

SC5K 0.512 0.197 0.268 0.094 0.340 0.236 0.935 0.623 0.514 0.288 0.928 0.617

SC+RP 0.207 0.102 0.084 0.030 0.903 0.638 0.980 0.683 0.544 0.363 0.969 0.675

SC5K+RP 0.580 0.243 0.309 0.106 0.910 0.639 0.975 0.680 0.693 0.417 0.969 0.674

SC+CZ1920 0.709 0.386 0.466 0.234 0.350 0.253 0.922 0.625 0.612 0.374 0.918 0.621

SC5K+CZ1920 0.740 0.447 0.517 0.277 0.370 0.268 0.940 0.638 0.642 0.407 0.936 0.634

SC+CZ1920+RP 0.705 0.383 0.460 0.228 0.921 0.639 0.980 0.689 0.766 0.485 0.975 0.685

SC5K+CZ1920+RP 0.752 0.434 0.442 0.237 0.926 0.665 0.982 0.688 0.775 0.506 0.978 0.684

CZ1920 0.839 0.514 0.740 0.432 0.244 0.149 0.644 0.343 0.617 0.360 0.646 0.345

CZ640 0.496 0.269 0.220 0.116 0.441 0.311 0.856 0.561 0.503 0.314 0.850 0.556

Table 5.7: YOLOv5s models validated using images scaled to 1920× 1920 pixels. We

report mAP50 and mAP for each validation set (columns), compute the average and the

weighted average (on the number of images), and bold the best metrics.
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Detection — Generalization to Common Viewpoints

Although it is common practice to test models on images resized to the training resolu-

tion, we evaluate all models at both 640×640 (Table 5.6) and 1920×1920 (Table 5.7).

In these experiments, we include CZ640, which represents a YOLOv5s model trained

using the zebras images from the COCO dataset using a 640×640 resolution.

We can see from Table 5.7 how models trained with the new synthetic dataset, SC5K,

consistently outperform those trained on the previous SC dataset. For instance, on

A36OZ, training with SC5K yields a +36% improvement in mAP50 compared to SC. On

average, when YOLOv5s is trained solely on SC5K, its performance matches or exceeds

that of models trained exclusively on CZ640, except on RP. Furthermore, the same model

significantly outperforms CZ1920 in both RP and R123, particularly on aerial images.

The results obtained using images scaled to 640×640, shown in Table 5.6, reinforce

these findings. Models trained with synthetic data continue to perform well on aver-

age, while those trained solely on COCO struggle on R123 and RP, further highlighting

the versatility of our synthetic data. Notably, the evaluation resolution has a significant

impact on performance. This can be observed in the differences between the results of

CZ1920 and CZ640 when evaluated at their corresponding or different validation image

sizes. For instance, when tested on 1920× 1920 images, CZ640 outperforms CZ1920 on

RP and R123, while CZ1920 achieves better results on A36OZ and A10OZ. Addition-

ally, performance on aerial images (R123, RP) degrades when the input is downscaled

to 640×640 pixels, whereas models perform better on ‘common’ viewpoints under the

same conditions (and vice versa). This is likely due to the relative size of individuals

observed during training and validation. Specifically, large images, such as those from

R123, when resized to 640× 640, further reduce the size of objects, making detection

more challenging—especially for models trained predominantly on high-resolution data

(i.e. all except CZ640). Conversely, not upscaling smaller images like those in A36OZ

or A10OZ to 1920×1920 preserves the small object scale, which benefits models trained

on larger images by a considerable margin. Therefore, there is no clear evidence that

matching training and validation resolutions always lead to better performance; instead,

the optimal resolution depends on the distribution of object sizes.

As expected, the best-performing models are those trained with a combination of RP,

CZ1920, and SC5K. However, no single model achieves consistently strong performance

across all datasets and scaling sizes. Nonetheless, the results clearly demonstrate that

synthetic data alone can yield competitive performance, often matching or surpassing

models trained solely on real-world data in both average and weighted mAP50 and mAP

scores. Furthermore, our analysis highlights the importance of comprehensive testing

and diverse training data. The significant performance drop on A10OZ compared to

A36OZ (8–25%) suggests that detection performance cannot be assumed even when us-

ing real-world data. This reinforces the need for more robust benchmarks and diverse

training samples to mitigate dataset biases.

Finally, the qualitative comparison in Figure 5.12 illustrates how the SC5K model im-
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proves over the standard SC on the A36 dataset (top row, column (c)). In contrast, the

baseline model struggles with aerial images (central and bottom rows, column (a)). As

expected, the mixed model (last column) demonstrates the best overall performance.

Additionally, when compared with Figure 5.4, we observe that zebras detected in the

background of the A36 image do not contribute to accuracy due to mislabeling, whereas

the correctly not labeled elephant lowers the computed accuracy, affecting the final re-

sults. This suggests that incorporating real-world data as validation for synthetic-based

training could further enhance performance.

Only Zebras Various animals Horses

Val. Set → Zebra-300 A10OZ A36OZ Zebra-Zoo A10 A36 TDH

Train Set ↓ P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1

A10OZ 0.372 0.621 0.353 0.569 0.252 0.507 0.353 0.625 0.084 0.191 0.079 0.180 0.288 0.521

A36OZ 0.378 0.608 0.358 0.552 0.328 0.544 0.251 0.476 0.055 0.133 0.062 0.143 0.165 0.345

SpacNet 0.207 0.411 0.275 0.465 0.245 0.419 0.139 0.327 0.050 0.122 0.042 0.106 0.086 0.227

A10 0.685 0.889 0.629 0.823 0.532 0.768 0.664 0.876 0.516 0.718 0.465 0.661 0.596 0.853

A36 0.691 0.883 0.602 0.783 0.585 0.777 0.495 0.774 0.366 0.557 0.531 0.722 0.638 0.875

TDH 0.080 0.192 0.059 0.158 0.039 0.126 0.050 0.160 0.057 0.141 0.064 0.156 0.949 0.974

SC 0.466 0.686 0.292 0.511 0.273 0.447 0.395 0.600 0.082 0.178 0.095 0.200 0.294 0.475

—filtered 0.608 0.790 0.345 0.573 0.340 0.508 0.522 0.707 0.090 0.184 0.106 0.207 0.324 0.505

SC+A10OZ 0.847 0.967 0.675 0.879 0.705 0.878 0.819 0.945 0.165 0.303 0.169 0.308 0.434 0.659

—filtered 0.864 0.966 0.657 0.869 0.716 0.867 0.796 0.932 0.174 0.307 0.180 0.315 0.473 0.681

SC+A36OZ 0.844 0.961 0.657 0.848 0.768 0.918 0.855 0.970 0.190 0.342 0.243 0.410 0.546 0.777

—filtered 0.858 0.956 0.651 0.831 0.779 0.920 0.851 0.963 0.198 0.341 0.257 0.415 0.568 0.782

SC+A1099 0.750 0.938 0.585 0.803 0.605 0.832 0.737 0.928 0.119 0.231 0.131 0.252 0.410 0.626

—filtered 0.828 0.950 0.591 0.809 0.636 0.824 0.750 0.918 0.129 0.236 0.144 0.259 0.443 0.644

SpacNet+A1099 0.525 0.777 0.462 0.674 0.437 0.676 0.482 0.768 0.091 0.200 0.080 0.179 0.199 0.408

SC+TDH99 0.490 0.707 0.321 0.528 0.336 0.538 0.396 0.580 0.128 0.260 0.155 0.303 0.658 0.873

—filtered 0.634 0.813 0.373 0.591 0.421 0.603 0.533 0.688 0.146 0.274 0.177 0.321 0.685 0.872

SC+A10 0.891 0.977 0.714 0.894 0.756 0.911 0.882 0.977 0.643 0.825 0.626 0.798 0.717 0.918

—filtered 0.898 0.973 0.699 0.889 0.777 0.909 0.881 0.971 0.673 0.829 0.650 0.806 0.754 0.912

SC+A36 0.861 0.965 0.697 0.867 0.787 0.936 0.908 0.985 0.522 0.709 0.678 0.840 0.729 0.923

—filtered 0.868 0.960 0.696 0.867 0.797 0.938 0.900 0.983 0.552 0.719 0.703 0.849 0.763 0.916

SC+TDH 0.524 0.754 0.374 0.595 0.334 0.555 0.465 0.714 0.146 0.295 0.189 0.379 0.969 0.989

—filtered 0.668 0.838 0.432 0.657 0.402 0.606 0.588 0.807 0.164 0.307 0.208 0.394 0.965 0.986

Table 5.8: PCK@0.05 and PCK@0.1 of the ViTPose+ models trained on the specified

dataset (row) with all weights randomly initialized and evaluated on the specified data

(columns). We put in bold the best results, and in italics the second best.

5.6.2 2D pose estimation performance

We employ the popular ViTPose architecture in its ViTPose+ [248] variation, following

standard training settings: 210 epochs with decay steps at 170 and 200, Adam opti-

mizer with a 5e−4 learning rate, and Gaussian heatmaps as the target type. Ground truth

bounding boxes are used during both training and validation. We train the small network

model using 17 keypoints for real-world datasets and 27 for synthetic or mixed ones.
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Additionally, due to minor annotation misalignments in our synthetic data (specifi-

cally, the thighs and tail base differing by a few pixels), we also report a filtered average

result that excludes these keypoints. Training is conducted both from scratch and with a

default MAE pre-trained backbone.

First, in Table 5.8, we analyze results obtained without pre-training. The model trained

only on SC achieves performance comparable to those trained solely on zebra datasets

(A36OZ or A10OZ) for both PCK metrics. However, it demonstrates better generaliza-

tion on horses (TDH) and across the full A10 and A36 datasets, with improvements

exceeding 13%. A similar trend is observed when comparing SC to SpacNet, with gains

ranging from 3% to 25%. Moreover, the filtered SC model significantly outperforms

those trained on A36OZ and A10OZ. Despite SC’s limited pose diversity due to the con-

strained number of animated frames, it effectively trains a 2D pose estimator for real

images. As expected, training on the full A10 and A36 datasets achieves the highest per-

formance among single-dataset models, benefiting from domain transfer between similar

species and diverse animal instances. However, when comparing Zebra-300 and Zebra-

Zoo, the filtered SC model performs similarly or better than models trained on A10 and

A36. Additionally, SC generalizes better to TDH horses than TDH data does to zebras.

Integrating real-world data further enhances performance, even with minimal additions.

For instance, SC+A1099 significantly outperforms SpacNet+A1099 in both zebra key-

point detection and generalization, with PCK improvements of up to 20%. Similarly,

SC+TDH99 achieves TDH performance comparable to models trained on the full A10

or A36 datasets. Finally, combining SC with the entirety of A10 or A36 yields minimal

gains, except for improvements on non-zebra datasets. In Table 5.9, we show how using

a pre-trained backbone generally enhances performance across all models, datasets, and

metrics by leveraging real-world information. Training with A36OZ or A10OZ achieves

PCK@0.05 values above 60% on all zebra-related validation sets. Notably, A36OZ con-

sistently outperforms A10OZ on those sets but exhibits poorer generalization to the full

A10, A36, and TDH datasets.

Using SpacNet data results in a notable drop in performance, with PCK@0.05 rang-

ing from 42% to 53% and PCK@0.1 between 64% and 79%. In contrast, training with

SC data achieves similar results to SpacNet, despite not employing any augmentation or

style transfer techniques. The SC-filtered results, which account for keypoint misalign-

ment, significantly improve PCK@0.05 in the Zebra-300 and Zebra-Zoo datasets by ap-

proximately 15–31% over SpacNet, demonstrating the superiority of our synthetic data.

While SC-filtered performance is still about 15% lower than A36OZ, it closely matches

A10OZ, both of which contain only real zebras. Similar to the non-pre-trained case, SC

data exhibits strong generalization on horses, achieving a 48% PCK@0.1. Performance

improves further as real-world data is incorporated, with mixed datasets consistently out-

performing single ones. Interestingly, when comparing pre-trained and non-pre-trained

models (Table 5.9 vs. Table 5.8), we observe that SC alone reduces the need for pre-

training. Specifically, training with just SC+A1099 (i.e. SC plus 99 images from A10)

achieves results comparable to the best model trained with a pre-trained backbone.
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Qualitative analysis shows how models trained on synthetic data, Figures 5.13 to 5.15,

achieve good overall performance. Moreover, we can notice that most errors stem from

swapped limbs or incorrect leg associations. These errors can be attributed to differ-

ences in data generation and annotation practices. In our synthetic dataset, keypoints are

extracted directly from the surface of the animal, and bounding boxes are pixel-tight.

In contrast, human annotators typically place keypoints where they estimate the limb

to be, and bounding boxes may not be tightly cropped. Additionally, synthetic zebras

sometimes intersect with the terrain, complicating the learning of hoof positions. Inter-

estingly, one of the best-performing models, which was trained on A10 with a pre-trained

backbone, still struggles with keypoint estimation in aerial views. In contrast, the model

trained on synthetic data without pre-training performs well across all real-world images.

Finally, the primary challenge in generalizing to horses can be identified in their uniform

coloring, which lacks distinctive features. Additionally, unusual cropping confuses the

model in determining the correct side of the animal and keypoint placement.

Zebras Various animals Horses

Val. Set → Zebra-300 A10OZ A36OZ Zebra-Zoo A10 A36 TDH

Train Set ↓ P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1 P0.05 P0.1

A10OZ 0.753 0.902 0.673 0.815 0.654 0.833 0.740 0.887 0.264 0.453 0.243 0.414 0.463 0.742

A36OZ 0.849 0.954 0.690 0.833 0.778 0.923 0.865 0.962 0.230 0.410 0.271 0.458 0.422 0.738

SpacNet 0.533 0.792 0.441 0.644 0.434 0.655 0.419 0.724 0.111 0.235 0.092 0.202 0.198 0.414

A10 0.888 0.979 0.779 0.900 0.789 0.918 0.892 0.980 0.710 0.868 0.672 0.822 0.707 0.908

A36 0.880 0.968 0.747 0.870 0.805 0.936 0.902 0.984 0.579 0.759 0.712 0.867 0.724 0.924

TDH 0.145 0.291 0.117 0.273 0.174 0.337 0.086 0.223 0.138 0.281 0.164 0.330 0.965 0.986

SC 0.527 0.736 0.363 0.569 0.324 0.514 0.525 0.730 0.083 0.177 0.099 0.204 0.276 0.450

—filtered 0.689 0.859 0.434 0.647 0.409 0.588 0.720 0.875 0.093 0.183 0.112 0.212 0.304 0.475

SC+A10OZ 0.864 0.981 0.671 0.866 0.742 0.905 0.905 0.979 0.151 0.279 0.160 0.285 0.359 0.559

—filtered 0.899 0.981 0.665 0.865 0.771 0.906 0.911 0.974 0.162 0.282 0.173 0.291 0.397 0.581

SC+A36OZ 0.878 0.972 0.687 0.874 0.806 0.947 0.935 0.990 0.215 0.372 0.275 0.447 0.534 0.783

—filtered 0.891 0.970 0.675 0.862 0.823 0.950 0.942 0.988 0.221 0.369 0.288 0.451 0.556 0.781

SC+A1099 0.757 0.941 0.600 0.828 0.629 0.844 0.813 0.957 0.119 0.234 0.136 0.258 0.343 0.536

—filtered 0.863 0.960 0.621 0.830 0.677 0.856 0.876 0.962 0.128 0.238 0.150 0.265 0.378 0.560

SpacNet+A1099 0.796 0.931 0.636 0.778 0.624 0.814 0.743 0.925 0.190 0.353 0.149 0.296 0.289 0.565

SC+TDH99 0.564 0.773 0.385 0.603 0.345 0.545 0.547 0.731 0.136 0.268 0.172 0.324 0.678 0.884

—filtered 0.745 0.901 0.456 0.696 0.440 0.624 0.731 0.875 0.154 0.283 0.195 0.339 0.707 0.878

SC+A10 0.906 0.984 0.728 0.900 0.782 0.916 0.932 0.993 0.670 0.842 0.657 0.819 0.732 0.922

—filtered 0.916 0.982 0.715 0.901 0.817 0.922 0.944 0.992 0.703 0.849 0.684 0.829 0.774 0.917

SC+A36 0.890 0.976 0.724 0.897 0.820 0.953 0.934 0.993 0.575 0.757 0.719 0.871 0.760 0.936

—filtered 0.905 0.973 0.707 0.893 0.845 0.958 0.938 0.992 0.610 0.771 0.750 0.882 0.800 0.934

SC+TDH 0.586 0.800 0.412 0.624 0.384 0.598 0.606 0.801 0.166 0.321 0.221 0.417 0.967 0.989

—filtered 0.754 0.902 0.489 0.710 0.477 0.677 0.793 0.920 0.190 0.338 0.242 0.435 0.963 0.986

Table 5.9: PCK@0.05 and PCK@0.1 of the ViTPose+ models trained on the specified

dataset (row) using a MAE pre-trained backbone and evaluated on the specified data

(columns). We put in bold the best results, and in italics the second best.
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5.7 Conclusions

5.7 Conclusions

In this chapter, we first demonstrated that the currently available datasets do not gen-

eralize well to the task of detecting zebras captured from an aerial point of view. To

solve this, we generated a large-scale synthetic dataset of zebras by using GRADE, a

state-of-the-art framework for synthetic data generation. The dataset, which is the first

of its kind both in terms of size and visual realism, has been released for the benefit of

the community. By using that, we performed extensive evaluations by training and test-

ing YOLO with a wide range of combinations of real and synthetic data. This provides

strong evidence that the visual realism of the data generated is very high since our mod-

els showed performances that are as good as the one obtained by a detector trained on

real world labeled data. Using synthetic information, we can thus surpass the process of

collecting and labeling data in controlled scenarios, avoiding the probable introduction

of errors. Further testing by using combined synthetic and a small amount of real-world

data showed that we can successfully generalize to a wide variety of scenarios. A known

limitation that we need to address is the realism of the adopted environments and more

precise placement strategies, which we believe could solve both the generalization prob-

lem and the usage of high-resolution images by the network.

In this chapter, we also show how only synthetic data can be used to successfully

train both a detector and a 2D pose estimation network without the use of style transfer

techniques and potentially without real world data. Besides the results in the detection

task, we show remarkable performance in estimating the pose of zebras despite the low

number of animations. Finally, the inclusion of just 99 real images improves perfor-

mance and generalization capabilities up to comparable baseline methods. The results

thus suggest that our generation strategy, which is focused on visual realism and vari-

ability, successfully addresses the problem even when not using any pre-trained network

or complex animal model. Through our extensive validation, we also highlight how i)

using the same image sizes for training and testing with YOLO is not always effective,

despite being common practice, ii) synthetic datasets can overcome the need for pre-

trained backbones, and iii) how extensive testing with diverse data is fundamental.
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Chapter 6

Conclusion

6.1 Summary of Contributions

In this thesis, we focus on tightly integrating visual perception with action. Our contri-

butions span the development of novel algorithms for Active Visual SLAM, the creation

of a high-fidelity simulation framework, and the design of dynamic scene understand-

ing methods—all of which contribute to more robust, flexible, and efficient autonomous

systems.

We begin in Chapter 2 with the design and implementation of a new autonomous ex-

ploration approach, iRotate. Traditional methods often treat Active SLAM as a “static”

optimization problem, focusing solely on either short-term maneuvering or long-term

path planning. These approaches fail to account for the fact that available information

continuously changes, analyzing it only at “fixed” intervals. Rather than employing a

human-like approach of ever-switching focus, classical methods fail to adapt their be-

havior once a course of action is chosen until the next decision point. In contrast, iRotate

predicts and adapts to information gain dynamically and continuously. As we explain

in Section 2.5, we do so by optimizing camera viewpoints at three distinct levels: a

long-term layer that pre-optimizes paths toward global frontiers, a mid-level that refines

camera orientations based on local uncertainty while the robot reaches subsequent way-

points, and a real-time layer that enhances pose estimation using local visual features.

This is the first multi-layered strategy that allows the robot to continuously adjust its

view independently of its physical trajectory and that effectively integrates long-term,

short-term, and real-time analysis of both its state, the map being built, and its surround-

ings. Furthermore, as we show in Section 2.6, iRotate can be applied to omnidirectional

as well as non-holonomic robots thanks to the independent camera rotational joint we

introduced. This joint allows the decoupled control of the robot and camera orientations

and requires a new state estimation technique to jointly model the robot and camera

states (Section 2.4.3). Extensive experiments, both in simulated and real worlds, demon-

strate that iRotate reduces localization errors, explores larger environments with shorter

trajectories, and minimizes overall energy consumption - all at the same time.

iRotate, like several other V-SLAM methods, was developed under the assumption of

a static environment. However, static environments fail to capture the complexities of
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real-world dynamics, hindering the widespread deployment of autonomous robots in ev-

eryday applications. Real-world scenarios involve moving objects, dynamic lighting, and

changing scene conditions, all of which significantly impact the performance of robotic

perception and decision-making systems. This assumption is widespread due to the dan-

gers and costs associated with directly testing robots in real-world settings, the diffi-

culties of collecting precise ground-truth data in dynamic environments, and the limita-

tions of existing simulation software. To address these challenges and be able to expand

our own work to dynamic environments, in Chapter 3 we introduce GRADE, a high-

fidelity simulation framework designed to bridge the gap between simulation and reality.

GRADE leverages a photorealistic rendering engine to create realistic, interactive, and

fully customizable environments, offering fine-grained control over all components of

the simulation, ranging from automatic placement of animated assets to fine-grained

simulation control. Unlike traditional simulators, which often lack flexibility in modify-

ing environments or fail to accurately simulate physical interactions, GRADE integrates

dynamic elements such as moving humans, animated animals, and variable lighting con-

ditions, enabling the realistic evaluation of perception and control strategies in diverse,

real-world-inspired scenarios. Moreover, GRADE supports physically enabled environ-

ments, allowing robots to interact with objects and surfaces in ways that closely resem-

ble real-world conditions. In Section 3.4.3, we also introduce a novel method within

GRADE that enables not only the precise repetition of past experiments but also fine-

grained modifications to them. This means that researchers can alter scene conditions,

adjust sensor configurations, or introduce new obstacles while maintaining control over

experimental variables—an essential capability for both robotics benchmarking and deep

learning model training. These characteristics make GRADE a powerful tool not only

for generating synthetic datasets for training deep learning approaches but also for rig-

orously evaluating autonomous robotics methods that must actively interact with their

environment. Specifically, we demonstrate GRADE’s syn-to-real capabilities by intro-

ducing a large-scale, automatically generated dataset of videos collected in indoor envi-

ronments with animated humans and flying objects (Section 3.5). Using this dataset, we

train YOLOv5 and Mask R-CNN models exclusively on synthetic data, achieving strong

performance in real-world scenarios (Section 3.6.2). By supporting systematic bench-

marking, iterative improvements, and large-scale data generation, GRADE represents a

significant step toward the scalable development of intelligent robotic systems capable

of operating in dynamic, real-world environments.

Following up on that, in Chapter 4 we employ GRADE to tackle a longstanding chal-

lenge in V-SLAM: dynamic environments. Conventional Dynamic V-SLAM methods

suffer from the erroneous rejection of useful visual features as they rely on coarse object

detection or optical flow mechanisms. These often misclassify moving visual features

or suffer failures when evaluated in the few available benchmarking datasets. We show

this in Section 4.3, by using GRADE to create different evaluation sequences and exten-

sively test state-of-the-art methods in static and dynamic environments. There, we not

only show how existing methods fail to completely or correctly track trajectories but also
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how not always the best-performing detection/segmentation models yield the best SLAM

performance (Section 4.3.2). Moreover, existing approaches fail to consider the varying

motion states of objects — e.g. some objects move at different rates, some remain static

temporarily, or some can move only parts of them. Also, they do not consider that they

could still contribute to the motion estimation process if stationary. To solve this, in Sec-

tion 4.4 we introduce DynaPix, a novel Dynamic V-SLAM method designed for indoor

environments. DynaPix addresses these limitations by estimating motion probabilities

at the pixel level, enabling the SLAM system to selectively incorporate features that,

while moving, still provide valuable information for camera pose optimization. These

probabilities are then integrated into the bundle adjustment procedures of the SLAM

backend (Section 4.4.2), which dynamically adjust their contribution based on their cur-

rent motion states. This fine-grained approach to dynamic scene understanding leads to

longer tracking times and reduced trajectory errors, as validated on both synthetic data

from GRADE and real-world datasets. The introduction of per-pixel motion probabil-

ities represents a shift toward more human-like scene interpretation, where the system

can distinguish between transient disturbances and reliable static features.

Finally, in Chapter 5, the thesis explores the use of synthetic data to address the

challenges of training deep learning models in cases where real-world annotated data

is scarce or expensive to acquire. While real-world datasets suffer from annotation er-

rors, bias, and limited availability, synthetic data offers a controlled, scalable alternative.

Based on the preliminary result obtained in Section 3.6.2, we employ a similar strategy

in a more challenging and impactful application: aerial detection and pose estimation of

wild zebras. Accurate monitoring of wildlife populations is critical for conservation ef-

forts, helping track endangered species and study migration patterns, for example. How-

ever, data collection in remote environments is often impractical, requiring costly aerial

surveys and manual annotation. Moreover, while aerial observation is necessary to avoid

introducing disturbance to the animal, available datasets often do not represent this pecu-

liar point of view. Therefore, in Section 5.3 we introduce ZebraPose, the first synthetic-

to-real method for top-down zebra detection and 2D pose estimation. There, besides the

new extensive synthetic dataset that we generate using our GRADE framework, we also

introduce a new real-world dataset collected by us consisting of zebras observed from

UAVs and precisely labeled with bounding-boxes. The results show that models trained

solely on high-fidelity synthetic data can achieve competitive performance on real-world

tasks, eliminating the need for costly and time-consuming real-world data collection.

This contribution highlights the importance of data quantity, quality, and variability in

bridging the sim-to-real gap. Notably, ZebraPose is the first approach to demonstrate

that both detection and pose estimation of animals can be performed using exclusively

synthetic data, setting a precedent for future applications in wildlife monitoring and con-

servation.
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6.2 Future Research Directions

While this thesis has laid a robust foundation in integrating visual perception with action

for autonomous systems, there remain several promising avenues for future research.

6.2.1 Toward Full (3D) Trajectory Planning in Active SLAM

The iRotate framework has demonstrated impressive performance in 2D scenarios, yet

real-world applications (especially those involving aerial robots) demand exploration in

three dimensions. Extending iRotate to 3D environments introduces several challenges.

Aerial platforms often cannot afford the computational overhead associated with start-

and-stop behaviors, and their continuous motion requires more sophisticated motion

prediction and control strategies. Currently, approximation techniques are used in 3D

environments to make the computation of optimal headings feasible [10, 47], possibly

ignoring potential information gains. Future work should thus focus on developing deep

learning models to predict optimal headings in 3D, utilizing synthetic data generated via

the GRADE framework for training. Moreover, with the exception of exterior building

reconstruction, often the UAVs are assumed to be at a fixed height. However, it might be

advantageous to plan the full trajectory in 3D, including the height of the drone, although

this would increase the computational complexity. In this, the integration of learned tech-

niques with, for example, Reinforcement Learning could help. Finally, while the histor-

ical focus in Active SLAM has been on the control and optimization of the perception

system along the shortest path, future work should also develop strategies that facilitate

the discovery of paths that are more informative on their own. Instead of merely follow-

ing the shortest route, future Active SLAM methods could incorporate information-based

costmaps and uncertainty-aware mapping techniques to select trajectories that maximize

long-term gains and minimize mapping errors. Such approaches would push the bound-

aries of Active SLAM by enabling robots to continuously explore and map complex

environments while maintaining robust localization potentially using longer but more

informative paths.

6.2.2 Dynamic-aware and Task-driven Active SLAM

Clearly, the combination of dynamic content and Active SLAM is of utmost importance

as most real-world environments are inherently dynamic with moving objects, humans,

and changing conditions that significantly impact SLAM performance. Traditional Ac-

tive SLAM assumes a largely static world, while Dynamic SLAM focuses on filtering

out moving objects to maintain localization. However, a more comprehensive approach

would actively leverage dynamic elements rather than simply treating them as distur-

bances. For example, predicting the motion of people in a crowded environment would

allow robots to optimize exploration strategies, navigate more safely, and build better

long-term maps that account for changes over time [67, 86]. This is particularly relevant
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for applications like assistive robotics, autonomous navigation in urban environments,

and industrial automation. A key advancement in this direction is the explicit model-

ing of humans and their behavior, leveraging recent developments in articulated models

such as SMPL for human pose estimation and motion prediction [201]. By integrat-

ing human-aware SLAM, robots can anticipate and adapt to human motion, improving

interaction, safety, and efficiency in shared spaces. Beyond static representations, fu-

ture forecasting models could enable continuous operation in dynamic environments by

predicting the future states of moving agents. This would allow Active SLAM systems

to proactively adjust exploration strategies, avoiding occlusions, improving long-term

mapping, and enabling better decision-making in human-centric environments. Another

promising direction is the combination of Active SLAM with focused tasks, such as ob-

ject discoverability, potentially driven by Large Language Models (LLMs). This would

enable robots to prioritize exploration based on high-level goals, such as searching for

specific objects, identifying anomalies, or gathering relevant information in unknown en-

vironments. Such an approach has direct applications in disaster scenarios (e.g. search

and rescue), autonomous inventory management, and adaptive navigation in unfamiliar

spaces. By leveraging LLMs, a robot could receive high-level instructions (e.g. “Find the

nearest fire extinguisher” in a disaster scene, or “Locate all misplaced items in a ware-

house”) and dynamically adjust its Active SLAM strategy accordingly. While current

Active SLAM techniques focus primarily on exploration, future work could thus explore

the integration of task-driven objectives. For example, in scenarios involving robotic

manipulation or human-robot interaction, SLAM systems could be tailored to prioritize

mapping areas that are most relevant to the task at hand. Reinforcement learning-based

policies could then balance exploration with task constraints, ensuring that robots are

on the fly mapping their environment but doing so in a way that optimizes overall task

performance.

6.2.3 Controllable and Continuous Simulations

The GRADE simulation framework has already taken significant steps in this direction,

for example, by enabling the simulation of SMPL models in robotics-enabled environ-

ments, the testing of Active SLAM in dynamic photorealistic settings, or the low-level

control of the simulation in its finest components. However, moving beyond its current

capabilities, there is considerable potential to further automate it and increase its us-

ability. Ideally, the setup and control of the simulation itself can be further automated.

One promising direction is the integration of LLMs and other foundational models to

assist in several aspects, from the generation of diverse environments, to the configu-

ration of simulation, of the robots, or the real-time control of the simulated characters.

Inspired by techniques used in [251] for personalized environment generation, [112] for

simulation code generation, and approaches from [92, 219] for character motion gener-

ation and control, future iterations of GRADE could evolve into a more adaptive and

intelligent simulation platform. By leveraging these advancements, GRADE could allow
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researchers to automatically generate complex simulation scenarios from high-level tex-

tual descriptions, reducing manual effort and streamlining workflow setup. For example,

instead of manually configuring environments, researchers could specify tasks in natural

language (e.g. “Simulate a warehouse with ten human workers and an aerial drone nav-

igating through dynamic obstacles”) and have the system generate the appropriate code,

assets, and behaviors. This, while still living in the same physically enabled simulation

integrated with the robotic software itself through SIL or ROS. Furthermore, enhanced

automation could facilitate rapid prototyping and iterative testing of novel autonomous

strategies, particularly in Active and Dynamic SLAM research. With LLM-driven sim-

ulation orchestration, researchers could dynamically modify environments on the fly —

introducing new obstacles, altering human movement patterns, or generating adversarial

conditions to test robustness in real-world-like settings. This would significantly acceler-

ate experimentation cycles and enable more comprehensive evaluations of autonomous

methods. By evolving into an adaptive, LLM-assisted simulation environment, GRADE

could push the boundaries of data-driven robotics research, offering scalable, customiz-

able, and intelligent simulation tools that keep pace with the rapid advancements in robot

learning, perception, and planning.

6.2.4 Decomposing SLAM for Robust and Adaptive Systems

While building DynaPix, we noticed how current SLAM frameworks often attempt to

address mapping, visual odometry, and control in a single, unified system. While this

holistic approach has proven effective in certain scenarios, it also introduces inherent

trade-offs — especially in dynamic environments where scene changes and unpredictable

motion can degrade performance. We believe that a more modular approach, where each

component is optimized for its specific function, could significantly enhance both accu-

racy and adaptability, as we did in DynaPix. Future research should explore decomposing

SLAM into specialized modules, each designed to tackle a distinct aspect of the prob-

lem. One module could focus on maintaining a stable, high-fidelity representation of the

static elements in the environment, ensuring long-term map reliability. Another could

specialize in robust visual odometry, not by filtering out moving objects but by actively

modeling and leveraging dynamic elements, such as pedestrians and vehicles, to improve

motion estimation. A third module could integrate control and future prediction, enabling

the system not only to react to changes but also to anticipate future dynamics, allowing

robots to proactively adjust their trajectories based on observed motion patterns. Recent

advances in deep learning have shown great promise in improving perception and map-

ping. However, they remain too computationally intensive for real-time deployment on

resource-constrained robots. Many real-world scenarios prevent reliance on cloud com-

puting due to connectivity limitations, latency concerns, or security restrictions. This

highlights the need for approaches that do not depend on high-performance computing

resources but can instead run efficiently on edge devices and onboard processors. This

requires integrating lightweight neural networks for per-pixel motion estimation to re-
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duce computational overhead, leveraging efficient GPU-based inpainting to reconstruct

occluded or unreliable regions in SLAM maps, and enhancing feature selection strate-

gies to ensure robust tracking even in crowded or fast-changing environments. These

regions can then be used only for the reconstruction part, while more critical areas, such

as dynamic obstacle avoidance, will not necessarily leverage them. Moreover, Neu-

ral Radiance Fields (NeRF) and Gaussian Splatting (GS) present promising avenues for

enhanced map representation and visualization, but their application must be carefully

considered. While high-quality visualizations can improve human interpretability and

decision-making, they are not strictly necessary for autonomous robot operation. Future

research should separate real-time robotic perception from offline or asynchronous pro-

cessing, ensuring that robots can function autonomously in real-time while additional

post-processing and visualization tasks run separately to support human operators when

needed. Finally, layered approaches such as scene graphs [183] integrated with natural-

language descriptions could facilitate a more seamless integration of robots into society,

enabling more complex behaviors. By adopting a modular, learning-driven approach,

future SLAM systems could better adapt to dynamic scenes, bridging the gap between

map stability, real-time perception, and predictive control. This would allow autonomous

systems to operate more reliably across diverse real-world applications, from urban nav-

igation to assistive robotics and industrial automation. In this context, GRADE remains

a valuable tool, providing a controlled environment for testing and refining perception

and mapping strategies under dynamic conditions. However, several challenges still

need to be addressed in SLAM before achieving a robust foundation for autonomous

systems that can be seamlessly integrated into daily life. Advancing beyond restricted

environments will require further progress in human-robot interaction and collaboration,

ensuring adaptability and generalization across a wider range of real-world scenarios.

6.2.5 Cooperative (Active) SLAM at Scale for Animal Conservation

As demonstrated in ZebraPose, synthetic data is increasingly capable of supporting real-

world deployment. However, conservation scenarios demand broader generalization, as

species vary widely in appearance, behavior, and habitat. Future work could extend Ze-

braPose to other animals through domain adaptation and multi-species synthetic datasets,

ensuring perception models remain robust across ecosystems. Also, multi-robot systems

could enable fine-grained 3D animal understanding in the wild, such as estimating the

3D pose and shape of individual animals. In this direction, our prior work on AirPose

and AirCapRL (not included in this thesis) offers a compelling starting point. By in-

tegrating such capabilities into a broader SLAM framework, we could also go beyond

localization and mapping, enabling rich, behaviorally-informed models of wildlife that

operate directly in the field. By combining Active SLAM, dynamic scene understanding,

and synthetic data-driven adaptation, autonomous systems can make conservation ef-

forts more scalable, intelligent, and resilient. With its ability to simulate heterogeneous

multi-robot systems, GRADE provides an ideal platform to explore and validate these

175



Chapter 6 Conclusion

research directions in realistic, yet controllable, scenarios. Indeed, beyond improving

individual perception models, advancing SLAM for multi-robot coordination is crucial

for scaling conservation efforts to large, unstructured environments. Thus, an exciting

application for the advances presented in this thesis is their integration into multi-robot

(Active) SLAM systems tailored for conservation. Autonomous agents could signifi-

cantly enhance wildlife monitoring, habitat preservation, and anti-poaching efforts. For

instance, aerial drones can provide real-time surveillance, track animal movements, and

reposition based on detected activity or behavior. At the same time, ground robots can

assist in terrain exploration and serve as communication relays in remote areas. A key re-

search challenge remains adaptive coordination: enabling robots to dynamically switch

roles—such as leading exploration, relaying data, or refining the map—based on real-

time conditions and discoveries. This adaptability is especially vital in conservation,

where environments and animal behaviors are highly dynamic, and broadband commu-

nication might not be available.

6.3 Closing Remarks

This thesis has explored the integration of visual perception and action to advance au-

tonomous systems capable of operating in dynamic, real-world environments. We have

taken significant steps toward bridging the gap between perception, decision-making,

and interaction through contributions in Active SLAM, dynamic scene understanding,

and synthetic data generation. The development of iRotate, GRADE, DynaPix, and Ze-

braPose demonstrates the power of learning-driven approaches to enhance exploration,

adaptability, and efficiency in robotics.

However, the journey toward truly intelligent autonomous systems is far from com-

plete. Future research must continue pushing the boundaries of SLAM in dynamic set-

tings, focusing on scalability, efficiency, and real-time adaptability. The challenge of

balancing computational constraints with high-level reasoning remains an open prob-

lem, particularly for resource-limited robots operating in the field. Developing modular

SLAM architectures, integrating human-aware models, and leveraging adaptive multi-

robot coordination will be essential in advancing real-world applications, from robotic

exploration to conservation and beyond.

Ultimately, the seamless integration of perception, prediction, learning and reason-

ing, with finally actions, is what will enable autonomous systems to not only navigate

their environments but also understand, anticipate, and interact with them and what is

there intelligently. By combining human-like reasoning, scalable simulation, and effi-

cient decision-making, we move closer to a future where robots can operate alongside

humans and animals with awareness, autonomy, and purpose.
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D. Tardós. ORB-SLAM3: An Accurate Open-Source Library for Visual, Visual–Inertial,

and Multimap SLAM. IEEE Transactions on Robotics, 37(6):1874–1890, 2021. 21

[31] Jinkun Cao, Hongyang Tang, Haoshu Fang, Xiaoyong Shen, Yu-Wing Tai, and Cewu Lu.

Cross-Domain Adaptation for Animal Pose Estimation. In 2019 IEEE/CVF International

Conference on Computer Vision, ICCV 2019, Seoul, Korea (South), October 27 - Novem-

ber 2, 2019, pages 9497–9506. IEEE, 2019. 137, 140, 141

[32] Peter Carr, Michael Mistry, and Iain Matthews. Hybrid robotic/virtual pan-tilt-zom cam-

eras for autonomous event recording. In Proceedings of the 21st ACM international con-

ference on Multimedia, pages 193–202, 2013. 28

[33] Henry Carrillo, Philip Dames, Vijay Kumar, and José A. Castellanos. Autonomous robotic

exploration using a utility function based on Rényi’s general theory of entropy. Au-
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