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Abstract

A team of mobile robots that work in parallel has the potérnitanish a given task
faster than a single robot. When a task can be decomposectirémasindependent sub-
tasks, the problem can be approached using a divide-amglieostrategy: Each robot
in the team solves one sub-task and the partial solutionharecombined to complete
the overall mission. One of the tasks that can be distribwttlamong a team of robots
IS mapping an environment. In this thesis, we focus on argataps with teams of
autonomous robots. There are two fundamental challenggsded to be addressed:
The rst challenge is the coordination of the team, in otheras, assigning actions to
robots so that the ef ciency of the team is maximized. Theosécchallenge is model
estimation, the task of generating a map of the environméhtateam of robots.

The contributions of this thesis are innovative technigined address both of these
challenges to enable teams of robots to explore envirorsmeate ef ciently. In the rst
part of this thesis, we present approaches to coordinatesteérobots. We introduce an
approach that makes use of the typical structure of buikliftgartitions the environment
into regions such as rooms and corridors and then assigossrtibregions. In this way,
our approach achieves a balanced distribution of the robate building.

Moreover, we present a method to coordinate teams of exglodbots that are able
to perform actions that go beyond navigation. Such actinalside opening doors or de-
ploying other robots. Our coordination technique integgat symbolic planning system
and a robotic path planner. By explicitly considering actiother than navigating to goal
positions, our approach is more exible and more ef cierdutiprevious approaches.

In the second part of the thesis, we address challengesribatdaring model estima-
tion with multiple robots. We rst present a technique to dmne mapping results of
individual robots into a joint map of the environment. To quute relative transforma-
tions between maps, we identify locations that occur in isd\wd the local maps. As a
result, our approach is able to estimate a consistent jonataifrom overlapping partial
maps without relying on global estimates of robot poses.

We furthermore provide techniques for ef cient 3D mappil@ur proposed mapping
framework generates maps that are probabilistic, compact, that can be created by
teams of autonomous robots. Furthermore, we address tietiquef how semantic
information can be incorporated into 3D maps. We preseneeatthical 3D mapping
method that is based on knowledge about spatial dependeandige environment.

In addition, we present an approach that robustly detedisvegetation from laser
measurements. Our method makes use of laser remission reeesus and it can be
used with data of most laser range nders. It reliably deteat vegetation and enables
vehicles that have not been designed to drive on vegetatisaiely navigate in structured
outdoor environments such as parks or campus sites.






Zusammenfassung

Seit mehr als 50 Jahren beschéftigt sich die Forschung miEd&vicklung mobiler
Roboter. In der Vergangenheit haben stationédren Roboter rtheitAn Fabriken revolu-
tioniert, auf &hnliche Weise konnten in Zukunft mobile Rasainsere Arbeit und un-
ser Leben verandern. Die Fahigkeit, sich in ihrer Umgebundpe@wegen, ermdglicht
mobilen Robotern, Reinigungsarbeiten zu tbernehmen, Gegeleszu transportieren,
gefahrliche und unzugéngliche Umgebungen zu erkundenragr Uberlebenden von
Naturkatastrophen zu suchen. Mobile Roboter kénnten demimaZukunft Aufgaben
ubernehmen, die anstrengend, monoton oder gefahrlichusiddbisher von menschili-
chen Arbeitern ausgefiihrt werden mussten.

Eine Gruppe von mobilen Robotern bietet eine Reihe von Vertegegeniber einzel-
nen Robotern. So ist eine Gruppe von Robotern etwa in der Lagegegebene Aufgabe
schneller zu bewaltigen. Lasst sich die Aufgabe in unabig&ngeilaufgaben zerlegen,
so kann jeder Einzelroboter zunachst eine TeilaufgabenldseschlieRend werden die
Teillésungen zu einer Lésung des Gesamtproblems vereBeggpiele fur Aufgaben, die
sich auf diese Weise aufteilen lassen, sind die Kartierumglmgebungen, das Suchen
nach Gegenstanden oder Personen und das Reinigen einer Wggéles Weiteren ist
eine Gruppe von Robotern weniger fehleranfallig. Wenn nrehiRoboter eine Aufgabe
gemeinsam l6sen, kdnnen fehlerhafte Roboter durch andengp@&nmitglieder ersetzt
werden. Weiterhin kdnnen Robotergruppen auch Aufgaben igeara bewaéltigen, die
Uber die Fahigkeiten der einzelnen Roboter hinausgehena®wo éine Gruppe von ver-
schiedenartigen Robotern verwendet werden, die jeweildastimmte Aufgaben spe-
zialisiert sind. Eine solche Gruppe ist exibler als ein hepezialisierter Einzelroboter
und mit wenig Aufwand kann sie auch flr weitere Aufgaben egajzt werden.

Bestehende Mehrrobotersysteme sind oft auf Roboter bedthdia sich in planaren
Innenrdumen bewegen. Dariiber hinaus wird hdau g davon @yasggen, dass alle Robo-
ter die selben Fahigkeiten besitzen. Sieht man von solchestlirankungen ab, ergibt
sich eine Vielzahl von neuen Einsatzmaoglichkeiten, die otgEnden erlautert werden.

Im ersten Teil dieser Arbeit werden innovative Ansatze zooidinierung von Ro-
botergruppen vorgestellt. Es wird zunachst ein Verfahngrsgntiert, das zusatzliches
Wissen uber die Struktur von Geb&uden verwendet. Mobile Rolk@nnen viele Auf-
gaben allein dadurch erflllen, dass sie Uber Wissen UbePalgion und Grél3e von
Hindernissen verfligen. Beispielsweise kann ein RoboterenBdsis dieses Wissens ei-
ne Umgebung kartieren, sich lokalisieren, Navigationgefaestimmen oder sich entlang
von Navigationspfaden bewegen. Hau g kann jedoch zusdite semantisches Wissen
aus Sensormessungen abgeleitet werden. So existierats Mangahren, um Raume zu
erkennen und von Korridoren zu unterscheiden, um Turen unpek@ zu erkennen und



um die Beschaffenheit von Ober &chen zu analysieren. Inatti@ésbeit wird untersucht,
wie eine Gruppe von Robotern solches Zusatzwissen nutzem kameine Umgebung
ef zienter zu kartieren. Konkret wird das Wissen tber dgpisghen Aufbau von Gebau-
den genutzt, um die Koordinierung von Robotergruppen zuessdrn. Solches Wissen
wurden von bisherigen Ansatzen nicht bertcksichtigt — lgafiihrte dies zu Situatio-
nen, in denen mehrere Roboter den selben Raum oder Korridaerkam. Dies reduziert
die Ef zienz der Gruppe, da sich die Messungen der Roboterséhaeiden. Das hier
vorgestellte Verfahren teilt eine Karte des bisher exploen Bereichs zunachst in Re-
gionen auf, die Raumen und Korridoren entsprechen. Ein&bi®ter werden dann auf
verschiedene Regionen der Umgebung verteilt. Auf diesed¥eigicht das vorgestellte
Verfahren eine ausgeglichene Verteilung der Roboter im Gadand kann die Umge-
bung somit schneller explorieren als Verfahren, die di#gssen nicht nutzen.

Wie eingangs erwahnt, kdénnen Gruppen von verschiedenen@&uabexibler sein als
Gruppen gleichartiger Roboter. Allerdings zieht diese@gstte Flexibilitat eine hohere
Komplexitat bei der Koordinierung der Roboter nach sich. Rebkdnnen sich in ihren
physischen Eigenschaften unterscheiden, wie ihrer Grd8e ®eschwindigkeit. In die-
ser Arbeit werden jedoch Roboter betrachtet, die sich in ddimAen unterscheiden, die
sie ausfihren kdnnen. Beispielsweise kdnnten einige Robotigr Lage sein, Gegen-
stande zu bewegen oder andere Roboter abzusetzen. Soleheekkiinterscheiden sich
deutlich von Navigationsaktionen, also dem Bewegen zwis@tart- und Zielpunkten.
Im Folgenden werden solche Zusatzaktionersgbolische Aktiondmezeichnet. Leider
gibt es keine ef ziente Methode, um symbolische Aktionef lkosten- und Nutzenma-
3e abzubilden, wie sie Ublicherweise in bisherigen Kooedimgsverfahren verwendet
werden. In dieser Arbeit wird ein Verfahren vorgestellt, Gmuppen von Robotern zu ko-
ordinieren und dabei Aktionen zu beriicksichtigen, die i@ebloRe Navigation hinaus-
gehen. Das vorgestellte Verfahren integriert ein symbbés Planungssystem und einen
Pfadplaner fur Roboter. Der symbolische Planer erméglistdean Koordinierungsver-
fahren, symbolische Aktionen zu berlcksichtigen. Da diegB#kosten der Kartierung
in der Regel jedoch entscheidend von den Kosten abhangedudie das Bewegen der
Roboter in der Umgebung entstehen, werden diese Kosten darcéf zienten Pfadpla-
ner geschatzt. Die Verbindung eines modernen symbolisBfemungsansatzes mit ei-
nem ef zienten Pfadplaner ermdglicht die explizite Berlickéigung von symbolischen
Aktionen, wahrend gleichzeitig die Ausfihrungszeit mirgrhwird.

Im zweiten Teil dieser Arbeit werden Fragestellungen bdktndie bei der Erstel-
lung von Umgebungsmodellen mit mehreren Robotern entstémeBpeziellen werden
Verfahren vorgestellt, um mehrere Teilkarten einer Umgegbim ein Gesamtmodell zu
integrieren. Weiterhin werden Ansatze prasentiert, uniddrensionale Karten zu er-
stellen und es wird eine Methode vorgestellt, um VegetaitioAul3enumgebungen zu
erkennen.

Die Aufgabe, eine Umgebung mit mehreren Roboter zu kartjd@mn grob in zwei



Schritte unterteilt werden: Im ersten Schritt wird das Kartngsproblem unter den ein-
zelnen Robotern aufgeteilt, so dass jeder Roboter einenefeitth der Umgebung kar-
tiert. Im zweiten Schritt werden die Teilresultate zu eigemeinsamen Lésung zusam-
mengeflgt. Falls keine globale Schéatzung der Roboterpaositi zur Verfligung steht,
zieht der zweite Schritt ein Datenassoziationsproblenh rsach: Die Roboter missen
Bereiche in den Teilkarten identi zieren, die auch in andefi@ilkarten vorkommen.
Kdnnen solche Bereiche gefunden werden, erméglicht diesSigstem relative Trans-
formationen zwischen den Teilkarten zu berechnen und soggmeinsame Lésung zu
erstellen. In dieser Arbeit werden Verfahren vorgestalt, Transformationen zwischen
Uberlappenden Teilkarten einer Umgebung zu berechnereidadyden die beiden vor-
herrschenden Kartentypen betrachtet: Rasterkarten undniakenkarten. Um identi-
sche Bereiche in mehreren Rasterkarten zu identi zierendareDaten eines Roboters
in der Karte eines anderen Roboters lokalisiert. Ist diedalisierung erfolgreich, wird
eine relative Ausrichtung der Karten beider Roboter beretHbieses Verfahren lasst
sich ebenfalls einsetzen, um Geb&aude mit mehreren Stokkweu kartieren. Um korre-
spondierende Bereiche in Landmarkenkarten zu bestimmemnkein Triangulierungs-
verfahren zum Einsatz. Dieses ermoglicht die ef zientel&ucach Gberlappenden Berei-
chen in zwei Teilkarten anhand von geometrischen Merkmd@es vorgestellte Verfah-
ren lasst sich mit geringem Rechenaufwand anwenden undii@ssbandmarkenkarten
zuverlassig.

Dreidimensionale Modelle der Umgebung stellen eine voluisehe Beschreibung der
Umgebung zur Verfigung. Solche Modelle sind beispielsaveichtig fir iegende Ro-
boter und Roboter mit Manipulatoren. Wahrend bereits robdstahren existieren, um
umfangreiche zweidimensionale Karten zu erstellen, glisigher keine ef ziente M6g-
lichkeit, diese Verfahren auf die 3D-Kartierung zu tibegéna. Um 3D-Umgebungen mit
Gruppen von autonomen Robotern zu kartieren, missen drai¥setzungen erfullt wer-
den: Zunachst muss die verwendete Karte kompakt und schktaklisierbar sein. Des
Weiteren muss die Karte unkartierte Bereiche reprasenti€iese Eigenschaft ist wich-
tig, um eine Umgebung autonom kartieren zu kdnnen. Wicktiguch die Moglichkeit,
Messdaten mehrerer Quellen probabilistisch zu einer Gesshi@tzung zu vereinen. Auf
diese Weise kann eine Karte von mehreren Robotern oder mitemeghSensoren er-
stellt werden. Diese Arbeit stellt ein ef zientes Verfahreur 3D-Kartierung vor, das die
genannten Voraussetzungen erfillt. Eine der NeuerungeNelgahrens ist ein verlust-
freies Kompressionsverfahren, das den Speicherbedarf e ais 40% senken kann.
Des Weiteren wird in dieser Arbeit die Frage behandelt, wiaantisches Wissen bei der
3D-Kartierung bertcksichtigt werden kann, beispielsealas Wissen tber Ebenen in
der Umgebung und darauf platzierte Objekte. Die vorliegetubeit stellt eine Methode
vor, die solches Wissen verwendet, um eine hierarchisch&&ie der Umgebung zu
erstellen.

Die meisten autonomen Fahrzeuge, wie Transportfahrzauggnome Rollstiihle oder



autonome Autos, wurden fur das Fahren auf Stral3en und iggéestWegen entwickelt.
Innerhalb von Parks oder auf Betriebsgelanden lassen sfelstigge Wege nicht in je-
dem Fall sicher erkennen. Solche Wege sind oft vergleicis@ssehmal und grenzen an
bewachsene Bereiche an. Das Befahren solcher bewachsen@hBestellt eine Gefahr
fur autonome Fahrzeuge dar. Einerseits konnten die Raddfategzeugs darin stecken
bleiben. Andererseits konnte beim Befahren von Gras oddichkn \egetation die Bo-
denhaftung reduziert werden, was zu einer Beeintrachtigendpositionsschatzung fiih-
ren wirde. Beide Falle stellen ein Risiko fur die Sicherhe& Bahrzeugs dar. Ist das
Fahrzeug jedoch in der Lage, ache Vegetation zu erkenrekasn es sein Navigations-
verhalten verbessern, in dem es bewachsene Bereiche vetmeidiieser Arbeit wird
ein Verfahren vorgestellt, um ache Vegetation aus den Daten Lasermesssystemen
zu erkennen. Das Verfahren nutzt die Re ektionseigensehafon Vegetation, um eine
sichere Erkennung zu erreichen. Die Erkennung wird duneh gupport vector machine
realisiert und geschieht auf der Basis von Beispielmessurfjererlassige Beispielda-
ten werden durch die Verwendung eines zweiten Vegetatiassikators erzeugt. Als
Eingabe verwendet dieser Klassi kator gemessene Vibmatio die wéhrend der Fahrt
tber den jeweiligen Untergrund entstehen. Das vorgesteétfahren erreicht hohe Er-
kennungsraten von tber 99%. Auf diese Weise ermdglicht BezBagen, die nicht fur
das Befahren von Vegetation geeignet sind, die sichere Btwigin strukturierten Au-
Renumgebungen.

Zusammenfassend werden in dieser Arbeit die folgendereBtalljungen behandelt:

* Wie kann semantisches Wissen verwendet werden, um diedkoerung von Ro-
botergruppen zu verbessern?

* Wie kdnnen Gruppen von verschiedenartigen Robotern eftzik@ordiniert wer-
den?

* Wie kann eine Gruppe von Robotern gemeinsam ein konsist&meell der Um-
gebung erstellen?

* Wie konnen mobile Roboter auf ef ziente Weise dreidimensie Modelle der
Umgebung erstellen?

» Wie kénnen Roboter ef zient und sicher in strukturiertenffamumgebungen navi-
gieren?



Acknowledgments

This thesis would not have been possible without the supgdaatnumber of people
and | would like to thank everybody that contributed to thisrkv

First of all, 1 would like to thank my advisor Wolfram Burgard.am thankful for
the opportunities he gave me and his support in every redartyscienti c work. He
shaped my view for what is important in science, inspired @mcburaged me, and most
of all helped me to focus on the right questions.

Furthermore, | would like to thank my co-advisor Cyrill Stacds. Many projects
would not have been possible without his prior work on mrdtrot systems. Over the
years, we worked together on many ideas, projects, and papdrl am thankful that he
shared his creativity, pragmatism, and his intuition focieht solutions.

| would like to thank all co-authors and colleagues that ibuated to this thesis. Need-
less to say, many projects could not have been realized dstw for fruitful collabora-
tions with fellow researchers. My special thanks for ounjavork during the last years
go to Christian Dornhege, Armin Hornung, Giorgio GrisettidaRainer Kimmerle. For
their contributions to joint publications | would furtheome like to thank Maren Ben-
newitz, Alexander Cunningham, Frank Dellaert, Patrick EyerDaniel Hennes, Dirk
Holz, Michael Karg, Henrik Kretzschmar, and Bernhard Nel¢hank Kurt Konolige,
Radu Bogdan Rusu, and Willow Garage Inc. for giving me the oppdit to apply my
work in new elds. For their collaboration on research poige for providing datasets,
and for helpful discussions | thank Kai Oliver Arras, Markdttgton, Felix Endres, Di-
eter Fox, Barbara Frank, Lutz Frommberger, Marc Gisslen&iair Grzonka, Jurgen
Hess, Dominik Joho, Gil Jones, Michael Kaess, Yohannesdtass Norman Kohler,
Boris Lau, Jorg Muller, Christian Plagemann, Axel Rottmannchdiel Ruhnke, Gabe
Sibley, Jurgen Sturm, Christoph Sprunk, Bastian Steder, Radbliebel, and Diedrich
Wolter.

For their help on administrative and technical matters, nayks go to Susanne Bour-
jaillat, Michael Keser, and Dagmar Sonntag. Furthermoriahk the University of
Freiburg and the members of the SFB/TR-8 for providing me wipinadessional, inter-
disciplinary, and enjoyable work environment.

Finally, I would like to thank my family, my friend Janne Sd¢huand my wife Andrea
for their unconditional support throughout the years.

This work has been partly supported by the German Reseanatidton (DFG) under contract number
SFB/TR-8 and through the Gottfried Wilhelm Leibniz Program






To my loving wife and family






Contents

1. Introduction 1
1.1. Contributions . . . . . . . . . . .. e
1.2. Outline . . . . . . . e
1.3. Publications . . . . . . . . ... ..
1.4. Contributions to Open-Source Software . . ... ... ... ....... 7

1.5. Collaborations . . . . . . . . . . . e

|. Coordinated Exploration 9
2. Multi-Robot Exploration using a Segmentation of the Envirorment 11
2.1. Introduction . . . . . . . .. e 11
2.2. ExplorationTargets . . . . . .. .. .. . . .. .. ... 13
2.3. Target Assignment using the Hungarian Method . . . . . ... ... 14
2.4. Map Segmentation for Exploration . . . .. ... ........... 15
24.1. VoronoiGraphs . . . . . . . . .. .. 17
24.2. GraphReduction . . . ... ... .. ... ... ..
2.4.3. GraphPartitioning . . .. .. .. ... .. ... .. .. ..., 19
2.5. Multi-Robot Coordination using a Segmentation of theitmment . . . 22
2.6. Bvaluation . . . . .. ... 24

2.6.1. Simulated Experiments . . . . . .. ... ...
2.6.2. Real Robot Experiments . . . ... ... ... ... .......

2.7. RelatedWork . . . . . . . . . . . . 28
2.8. Conclusion . . . . ... 30
3. Coordinating Heterogeneous Teams of Robots 33
3.1. Introduction . . . . . . ... e 33
3.2. TemporalPlanning . . . . . . . ... . . ... ...

3.2.1. Planning Domain De nition Language . . . . ... ... ... 37

3.2.2. The TFD/M Planning System . . . . .. ... .. ... .....

3.2.3. Semantic AttachmentsinTFED/M . . . . . . ... .. ... ...
3.3. Coordination of Heterogeneous Teams of Robots Using @eahPlanning 41



il CONTENTS
3.4. Coordination of Marsupial Teams . . . . . ... ... ........ 42
3.4.1. Target Locations and Cost Estimation . . . .. ... ... .. 43
3.4.2. Formulating the Exploration Problem as a Temporahiihg
Problem . . . . . . . . 44
3.5. Coordinated DisasterRecovery . . . . . .. ... .. ... ...... 46
3.5.1. Target Locations and Cost Estimation . . . ... ... .. .. 46
3.5.2. Formulation as a Temporal Planning Problem . . . . . ... 47
3.6. Evaluation . . . . . . . . ... 49
3.6.1. Simulation System . . . .. ... ... ... .. o 49
3.6.2. Exploration with Marsupial Teams . . . . . .. ... ... ... 50
3.6.3. Baseline Approach . . ... ... ... ... ... ... ... .. 51
3.6.4. Results . . ... .. . . . ... 52
3.6.5. Coordinated Disaster Recovery . .. ... .. .......... 54
3.6.6. Baseline Approach . . . ... ... ... ... ... ..., 56
3.6.7. Results . .. ... ... .. ... 56
3.6.8. PlannerRuntime . . ... ... ... ... ... . ...... 58
3.6.9. Real World Application . . . ... ... ............. 60
3.7. RelatedWork . . . . .. . . . . .. 62
3.8. DISCUSSION . . . . . . . 64
3.8.1. Limitations of the Approach . . . . .. ... ... ... .... 56
Il. Model Estimation for Navigation 67
4. Multi-Robot SLAM 69
4.1, Introduction . . . . . . . .. 69
4.2. Graph-based SLAM . . . . . . . . . .. 72
421. SLAMBack-end . ... ... ... .. ... 73
4.2.2. Extensionto Multi-Robot SLAM . . . . ... ... ... .... 74
4.3. Front-End for Multi-Robot SLAM based on GridMaps . . . . . . .. 74
4.3.1. SLAM Front-End for Single Robots . . . . . . ... ... .... 75
4.3.2. Inter-Graph Constraints from GridMaps . . ... ... ... 75
4.4. Front-End for Multi-Robot SLAM based on Landmark Maps .. ... . . 78
4.4.1. Triangle Map Matching . . . ... ... ... .. ........ 79
4.5. Evaluation of Grid-Based SLAM Front-End . . . . . ... .. .. .. 82
4.5.1. Mapping a Typical Ofce Building . . . .. .. .. ... .... 82
45.2. MappingLongCorridors . . . . ... ... ... ... ... 84
4.5.3. Building with Few Structural Similarities . . . . . . 84

4.5.4. Quantitative Evaluation Using a Simulated BundlnghWTen
Floors . . . . . . . . 85



Contents iii

4.5.5. Correction of Systematic MappingErrors . . . . .. .. ..... 88
4.6. Evaluation of Landmark-Based SLAM Front-End . . . . . . .. ... 90
4.6.1. Real World Experiments . . . . . ... .. .. .......... 90
4.6.2. Simulated VictoriaPark . . .. .. .. ... ... 0. 91
4.7. RelatedWork . . . . . . . . 96
4.8. DISCUSSION . . . . . . . e 98
4.8.1. Limitations of Multi-Floor Mapping . . . . . . ... ... ... 99
5. Ef cient 3D Mapping 101
5.1. Introduction . . . . . . . . . 1o
5.2. The OctoMap Mapping Framework . . . . .. .. ... ... .. .. 051
5.2.1. The Octree Data Structure . . . . . .. .. .. ... ...... 510
5.2.2. Probabilistic Sensor Fusion . . . . ... ... .. ...... 107
5.2.3. Multi-Resolution Queries . . . . . . .. ... . .. 910
5.2.4. Compact Map Representation . . . . ... .. ... ....... 110
5.3. Hierarchiesof3DMaps. . . . . . . . . . . . .. . ... 121
5.3.1. De nition of the Map Hierarchy . . . . . . ... ... ... .. 14
5.3.2. Construction via Spatial Relations . . . . ... ... ... .. 115
5.3.3. Update ofthe Hierarchy . . . . .. ... ... ... ....... 116
5.3.4. 3D Models for Tabletop Manipulation . . . . .. ... .. .. 117
5.4. Autonomous Model Acquisition . . . . . ... ... 120
55. Evaluation . . . . . . . ... 124
5.5.1. Sensor Model for Laser RangeData . . . ... .. .. .. ... 4. 12
5.5.2. 3D Models fromReal SensorData . . . . ... .. ........ 126
5.5.3. Memory Consumption . . . . ... .. ... .. .. ... .... 128
554. Runtimes . . . . . . . . . . . . . 130
5.5.5. Hierarchical 3D Maps of Tabletops . . . . . ... ... ... 132
5.5.6. Modeling Non-Static Environments . . . . ... ... .. .. 136
5.5.7. ObjectExploration . . . .. ... ... ... ... . ....... 138
5.6. RelatedWork . . . . . . . . . . . . .. 139
5.7. DISCUSSION . . . . . . . e e 142
5.7.1. Open Source Implementation . . ... ... .......... 314
6. ldentifying Vegetation from Laser Data 145
6.1. Introduction . . . . . . . . . ... 514
6.2. Support Vector Machines . . . . ... ... ... ... ... .. ... 148
6.2.1. Class Probabilites . . .. .. ... ... ... .......... 151
6.3. Terrain Classi cation Using RemissionValues . . . . . . .. ... ..151

6.3.1. Robust Terrain Classi cation Usingan SVM . . . . .. ... 154



CONTENTS

v
6.4. Training Data from Vibration-Based Terrain Classi catti . . . . . . . . 155
6.4.1. Terrain Classi cation Based on the Vibration of the i . . . 155
6.5. MappingVegetation. . . . . . .. .. ... .. ... 571
6.6. Comparison of DifferentSensors . . . . . . .. ... ... ... ... 159
6.7. Correction of RemissionValues . . . ... ... ... ........ 159
6.8. Classi cation for Resource Constrained Systems . . . . . ... .. 162
6.8.1. Linear Discriminant Analysis . . . ... ... ... ..... 162
6.8.2. Classi cation Using Linear Discriminate Analysis . . . . . . 164
6.9. Evaluation . . . . . . . ... 165
6.9.1. Comparison to Vegetation Detection Using Range [Riffees . . 166
6.9.2. \Vegetation Detection Based on Laser Remission . . . .. . 167
6.9.3. 3DMapping . . . . ... 168
6.9.4. Autonomous Navigation Using a 3D Scanner . . . . .. . . 170
6.9.5. Autonomous Navigation Using a Fixed-Angle Sensor. .... . . 171
6.9.6. Resource-Friendly Classi cation with Linear Disciant Anal-
VSIS . o 171
6.10. Related Work . . . . . . . . . . 173
6.11. Conclusion . . . . . . . 175
7. Discussion 177
7.1. Contributions . . . . . . .. L 177
7.2. FutureWork . . . . . . . e 180
7.2.1. Multi-Robot Coordination . . . . . ... .. ... ........ 180

7.2.2. Model Estimation. . . . . . . . . . . ... 181



Chapter 1
Introduction

For more than 50 years, researchers have worked towardsetredogment of au-
tonomous mobile robots. Just as stationary manipulatibotsohave revolutionized fac-
tory assembly lines, mobile robots have the potential tanghdhe way humans live and
work. The ability to move around allows mobile robots, foemple, to clean the envi-
ronment, to fetch and deliver goods, to examine hostile oote areas, to search and
rescue victims in a disaster scenario — in short: to accamirenuous, repetitive, or
dangerous tasks that previously had to be done by human gorke

A team of multiple mobile robots that work in parallel offexsiumber of advantages
over single robots systems. Multiple robots have the pa@kiat nish a given task faster
than a single robot. When a task can be decomposed into sewdegkendent sub-tasks,
the problem can be approached using divide-and-conquetegies: Each robot in the
team solves one sub-task and the partial solutions are thmbined to complete the
overall task. Examples of such tasks include mapping, beaydor objects or persons,
and covering of environments. Furthermore, teams of roipttsduce redundancy into
the system that makes it more robust to failure. When multgibets jointly solve a task,
failing robots can be replaced by other teammates thus iaxpilde single point of failure
of systems in which only one robot is used. Moreover, mudtibots can join their
efforts to accomplish tasks that go beyond the ability ohaadividual robot. Instead of
equipping a single robot with all capabilities that a givask requires, a heterogeneous
team of robots with different abilities can be employed. Isaceam is more exible
than one highly specialized robot and with little effort tieam can be recon gured to
accomplish other tasks.

Existing multi-robot approaches often consider teams bbdt® that operate in planar
indoor environments and they often assume that all robote & same capabilities.
As we will discuss in the following, extending this basictse} greatly enhances the
potential of teams of robots.
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Mobile robots can solve many tasks solely based on geomefdomation. For ex-
ample, tasks such as mapping, localization, path planaimg havigation can be accom-
plished solely based on information about the positionssazes of obstacles. Yet, addi-
tional information may help robots to be more ef cient. Gftesemantic knowledge can
be derived from sensor measurements and there exist appotcidentify, for example,
rooms, corridors, and doors, known objects, or the typerodite surface. In this thesis,
we investigate how a team of robots can make use of informati@ut the structure of a
building during exploration in order to perform this taskmaef ciently.

As mentioned above, heterogeneous teams of robots offeeateyr exibility than
homogeneous teams. However, the increase in exibility d&sds to an increase in
the complexity of their coordination. Heterogeneous teamag differ in their physical
properties or the type of terrain they are able to traverdeeyTmay also differ in the
actions they are able to perform. For instance, robots nbightquipped with manipu-
lators, or they could be able to deploy other robots. Sucioretstand in contrast to
navigation actions that move robots to a given goal posaioth we will refer to them as
symbolic actionsn the following. Unfortunately, it is not straightforwatd ef ciently
map symbolic actions to cost or utility measures, such asetlused by popular coordi-
nation approaches. We will address the problem of coordiga¢ams of robots that are
able to perform actions that go beyond navigation.

The task of mapping an environment with a team of mobile r®loan be rephrased
as a divide-and-conquer problem. In the rst step (divideg mapping problem is dis-
tributed among the robots and each robot solves a so-caled iapping problem. In
the second step (conquer), the team combines the locatgestd a joint solution. If
no global estimates of the robot positions are available,ctimquer step entails a data
association problem. The team has to identify locationsdbeur in several of the local
robot maps. Finding such associations between local mapsahows to compute rel-
ative transformations and to create a joint solution. Wevigetechniques to compute
transformations between overlapping maps for the two dregamap representations,
grid maps and landmark maps.

Three-dimensional models provide a volumetric represemtaf space which is im-
portant, for example, for ying robots and for robots thag @quipped with manipulators.
While techniques exist to estimate large 2D maps, there i ciert extension of these
methods to the case of 3D mapping. We identi ed three pras#gs that allow 3D maps
to be acquired autonomously by teams of robots. First, the raresentation needs to
be compact and updates have to be computationally ef ci®stond, unmapped areas
have to be encoded in the map. This is important when the mapated autonomously
to identify potential sensing locations. Third, the map teesupport the probabilistic fu-
sion of data from multiple robots or multiple sensors. A gstent joint model can then
be generated by integrating data of multiple sources. Wsenitean ef cient mapping
technique that addresses these three challenges. Funtfeerre address the question of
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how semantic information can be incorporated into 3D mamsekample, knowledge
about supporting planes. We present a 3D mapping techniguuentakes use of such
information by constructing a hierarchy of 3D maps.

Most autonomous systems that navigate outdoors, such r@sptdation vehicles,
surveillance robots, or autonomous cars have been dedigioete on streets and paved
paths. In urban areas these drivable surfaces can be haedeict.dEspecially paths in
parks or campus sites are often narrow and there may be ndal@boundary between
the path and neighboring regions that contain vegetatiocaersing vegetation increases
the risk that the vehicle gets stuck or that wheel slippagdddo errors in the location
estimation process. Both of these cases pose a danger tofé¢fye clathe system. If
the vehicle is able to detect vegetation, however, it is &blavoid such areas and thus
improve its navigation in structured outdoor environmehte will present an approach
that robustly detects at vegetation from laser measurdameérhe approach makes use of
laser remission measurements and can be used with moss&smrs commonly used
on mobile robots.

In sum, we have identi ed the following open research quesiwith respect to multi-
robot systems:

* How can semantic knowledge be utilized to improve the cioattbn of multi-
robot systems?

How can heterogeneous teams of robots be coordinateccetlgr?

How can a team of robots create a consistent map of the emgnt?

How can 3D environments be ef ciently mapped by mobile rsl3o

How can robots ef ciently navigate in structured outdoavieonments?

1.1. Contributions

The contributions of this thesis are innovative approathasaddress the research ques-
tions discussed above. We provide techniques to coordieatas of robots that go
beyond the state-of-the-art by taking into account sernantormation and by explic-
itly considering heterogeneous teams of robots. Furthesnvee present techniques that
improve multi-robot navigation and mapping. The followiagproaches are the key con-
tributions of this thesis:

» An approach to explore buildings with teams of robots thegsua partitioning of
the environment into rooms and corridors (Chapter 2).

» A technique that applies temporal symbolic planning tordowte heterogeneous
teams of robots and that explicitly considers symbolicasi(Chapter 3).
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» Two solutions to the data association problem which arigesnulti-robot
SLAM (Chapter 4).

* An ef cient technique to model 3D environments probalbitially which is suited
for 3D exploration (Chapter 5).

» An approach that robustly identi es at vegetation in ootat environments (Chap-
ter 6).

1.2. Outline

This thesis is organized in two parts. Part | addresses tht@gm of coordinating teams
of robots while Part Il presents approaches to estimate lmodiéhe environment. These
two techniques are the fundamental building blocks of arieht multi-robot system:
coordination enables the team of robots to exploit its foligmtial while a model of the
environment is the basis of ef cient coordination.

In Chapter 2, we present a technique to coordinate teams ddrexgp robots that
makes use of semantic information. We analyze the struofureloor environments and
partition the environment into regions such as rooms anddms. Previous approaches
often generate exploration targets on the frontier betweapped and unmapped areas.
In typical environments, multiple exploration targets aften generated in the same
room or corridor. When several robots explore the same palysagion, however, there
often is a considerable overlap of the sensor measurenteitieads to inef ciency. To
overcome this source of inef ciency, our coordination nethdenti es regions such
as rooms and clusters targets according to the structuteeadrivironment. We assign
robots to regions instead of assigning them to target looatdirectly, thus achieving a
balanced distribution of the team.

Heterogeneous teams of robots are considered in Chapter Brédent a technique to
coordinate teams of robots that integrates a symbolic pigrsystem and a robotic path
planner. This combination allows our system to considemmlag problems that include
symbolic actions such as opening doors or deploying otHestso To coordinate a team
of robots, we generate a symbolic description of the curseate of the system and of
the goal state. These descriptions serve as input to thedgngtanner. To solve the
coordination problem, the symbolic planner uses the pathrr to ef ciently plan paths
and estimate travel costs for the robots. Our approach tees the solution determined
by the planning system to compute actions that are send tmdadual robots. We
apply our approach to two settings. First, we consider teaimebots that are able to
deploy and pick up smaller robots. Second, we simulate asiisacenario where the
task is to clear blockades and to perform pre-de ned actaireertain critical locations
in the environment.
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In the second part of this thesis, we present techniqueditoas models of the envi-
ronment. In Chapter 4, we present an approach to simultahecaigzation and mapping
(SLAM) with multiple robots. To extend single-robot SLAM qaches to multi-robot
systems, we align the maps and trajectories of the indiVvichizots. We make use of
a graphical formulation of the SLAM problem, that maintagraphs of poses and ob-
servations for each robot. To connect the initially indeget graphs, we solve a data
association problem: Areas that have been covered by reuttpots are identi ed from
the observations of the robots. From the correspondinghmatonve extract alignment
constraints between the trajectories of the robots. Theltneg global graph is then
optimized to estimate a consistent model. We present twhadstto solve the data asso-
ciation problem in distributed systems. The rst approadiches grid maps while the
second approach matches landmark maps. Our grid-basesbapmpplies Monte Carlo
localization and performs global pose estimation. By |l@adj one robot in the map
of another robot, it associates positions in multiple grigbs The second approach we
present aligns maps of landmark positions. It computes aubaly triangulation of the
maps and then uses geometric features to ef ciently seanckimilar triangles. Match-
ing triangles are then used to compute alignment constragttveen pairs of overlapping
maps.

We present ef cient techniques to estimate 3D models in Givapt Our mapping
approach meets three goals that make it suitable for 3D epdo: It models the envi-
ronment probabilistically, it represents unmapped ar@agjt is ef cient both in runtime
and in its memory requirement. We make use of probabilistitesestimation techniques
and ef cient data structures to achieve these goals. Adsssinap compression method
is introduced to keep 3D models compact. Furthermore, weepttean approach that uses
semantic information to construct hierarchies of 3D mapsddition to that, we present
an information-driven exploration algorithm to learn 3D aets autonomously.

In Chapter 6, we present an approach to detect vegetationl&®en measurements.
In structured outdoor environments, such as parks or casifess large areas are often
covered with grass. Our approach reliably detects at et from remission values
of laser scanners. To predict the terrain type, we use a siygaior machine. The input
to this classi er are individual laser measurements cdimgjof the remission value, the
distance to the surface, and the angle of incidence. To &eideed to label training data
manually, we label example sets in a self-supervised fasbyjomeans of a pre-trained
vibration-based terrain classi er. Our classi er can beeddo improves traversability
estimates and therefore enables vehicles that have notdesegned to drive on vegeta-
tion to safely navigate in structured outdoor environmektsthermore, we can obtain a
segmentation of such environments into regions by clusjeregetation detections.
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1.3. Publications

Parts of the thesis have been published in the followingnalarticles, conference, and
workshop proceedings:

o K.M. Wurm, H. Kretzschmar, R. Kimmerle, C. Stachniss, and WgBrd. Identi-
fying Vegetation from Laser Data in Structured Outdoor Eowiments. InJournal

of Robotics and Autonomous Systefgecial issue on semantic mapping, 2012.
Conditionally accepted for publication.

A. Cunningham, K.M. Wurm, W. Burgard, and F. Dellaert. FullysBibuted
Scalable Smoothing and Mapping with Robust Multi-robot Dassociation. In
Proc. of the IEEE/RSJ International Conference on Robotiési@mation (ICRA)
Saint Paul, MN, USA, 2012. Accepted for publication.

K.M. Wurm, D. Hennes, D. Holz, R.B. Rusu, C. Stachniss, K. Kamliand
W. Burgard. Hierarchies of Octrees for Ef cient 3D Mappingn Proc. of the
IEEE/RSJ International Conference on Intelligent Robots @pstems (IROS$an
Francisco, CA, USA, 2011.

K.M. Wurm, C. Dornhege, P. Eyerich, C. Stachniss, B. Nebel \&nBurgard. Co-
ordinated Exploration with Marsupial Teams of Robots usiegiporal Symbolic
Planning. InProc. of the IEEE/RSJ International Conference on Inteliigeobots
and Systems (IROSlaipei, Taiwan, 2010.

A. Hornung, K.M. Wurm, and M. Bennewitz. Humanoid Robot Lazation in
Complex Indoor Environments. Froc. of the IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROR)pei, Taiwan, 2010.

K.M. Wurm, A. Hornung, M. Bennewitz, C. Stachniss, and W. Budg&®ctoMap:
A Probabilistic, Flexible, and Compact 3D Map RepresentattwrRobotic Sys-
tems. InProc. of the ICRA 2010 Workshop on Best Practice in 3D Peroa@ind
Modeling for Mobile ManipulationAnchorage, USA, 2010.

M. Karg, K.M. Wurm, C. Stachniss, K. Dietmayer, and W. Burgaf@bnsistent
Mapping of Multistory Buildings by Introducing Global Conaints to Graph-
based SLAM. InProc. of the IEEE/RSJ International Conference on Robotics &
Automation (ICRA)ANnchorage, USA, 2010.

K.M. Wurm, C. Stachniss, and G. Grisetti. Bridging the Gap BswFeature- and
Grid-based SLAM. InJournal of Robotics and Autonomous Systeb&§2):140 -
148, 2010.
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* K.M. Wurm, R. Kiimmerle, C. Stachniss, and W. Burgard. Imprgutobot Nav-
igation in Structured Outdoor Environments by IdentifyMegetation from Laser
Data. InProc. of the IEEE/RSJ International Conference on Intetiigeobots and
Systems (IROS$t. Louis, MO, USA, 2009

o K.M. Wurm, C. Stachniss, and W. Burgard. Coordinated Multi-8tdbxploration
using a Segmentation of the Environment.Pioc. of the IEEE/RSJ International
Conference on Intelligent Robots and Systems (IRNiSg, France, 2008

1.4. Contributions to Open-Source Software

The approach presented in Chapter 5 has been made availadbleetfscontained C++
library under the BSD open source license and The librarfed#@ctoMap, can be ob-
tained fromhttp://octomap.sf.net . It received a considerable uptake from the
scienti c community and has been used in a variety of reseprojects. It has also been
integrated into the Robot Operating System (ROS) where ipjdied, for example, to
perform 3D navigation.

1.5. Collaborations

Parts of the approaches presented in this thesis have beeloged in collaboration
with other researchers. The coordination approach predentChapter 3 was jointly
developed with Christian Dornhege, who provided his expertin the modular tempo-
ral planning framework TFD/M. | co-supervised several lldohand master theses — the
grid-based multi-robot SLAM technique presented in Chapigas originally developed
in the master thesis of Michael Karg. The landmark-baseditraiiot SLAM technique
was developed together with Frank Dellaert and Alexandem@gmam, who provided
the optimization framework for the real-world experimenifie 3D mapping approach
OctoMap, presented in Chapter 5, was developed in closebocodition with Armin Hor-
nung. The hierarchical extension and 3D exploration systesideveloped in the course
of a research collaboration with Willow Garage Inc. and #gldtop mapping system
was developed with the support of Radu Bogdan Rusu and Kurt iKgnoFinally, the
laser-based vegetation classi er was developed in cotktimn with Rainer Kimmerle
and Henrik Kretzschmar.
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Coordinated Exploration






Chapter 2

Multi-Robot Exploration
using a Segmentation of the
Environment

2.1. Introduction

There are several applications in which it is advantageousniobile robots to create
a map of their environment autonomously. Autonomous egpilan is most useful in
scenarios where human operators cannot command the rotienh#{ such as in plane-
tary exploration or in disaster missions. Exploring an eswnent with a team of robots
instead of a single robot offers a number of advantages (Cab, €t997; Dudek et al.,
1996; Gerkey and Matarj 2004). Clearly, multiple robots that work in parallel hake
potential to reduce the overall mapping time. If the teanomrdinated so that each robot
maps a different part of the environment then a signi camtesfup can be achieved (Guz-
zoni et al., 1997). Another important aspect is that a simghot introduces a single
point of failure into an exploration system. Especially ostile environments, it may be
impossible to repair defective robots or to recover a robat became immobilized due
to unforeseen circumstances. A team of robots will theeeb@ more robust to this type
of failure.

In this chapter, we consider the problem of ef cient exptaa with teams of mobile
robots. The goal of our coordination approach is to minintiee overall time required
to cover the environment completely. The task of coordintat team of robots during
exploration can roughly be separated into two tasks. First¢,needs to identify possible
exploration actions for the team of robots. Typically, sactions correspond to sensing
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Figure 2.1: Typical coordination of robots obtained by assigning them feréift segments of
the partially explored map. Segment boundaries are visualized as ddahbkdifes
and exploration frontiers are depicted as red lines.

locations in the environment and we will refer to themeagploration targetsn the fol-
lowing. After determining the set of targets, we need togrstiem to the team of robots.
In most cases, there will be more targets than robots. Siocgaal is to explore the
environment as fast as possible, we need to choose an assigtimat covers unmapped
areas fast and at the same time avoids redundant work ameneaimn. It is this assign-
ment strategy which affects the ef ciency of the robot ted® tnost and we will present
a novel strategy that takes into account the structure oétlkéonment.

Most exploration approaches apply the target generatidghaddghat was proposed by
Yamauchiet al. (1998). This approach computes so called frontiers, whiehda ned
as the borders between the explored and the unexplored. Spaeenethod then de nes
exploration targets along those frontiers. Many previousrdination approaches use a
cost function to assign robots to frontier targets. Popatgroaches de ne cost func-
tions that take into account the expected path costs orl tiiave to the target as well as
an utility function that covers aspects such as the expegaadin information (Singh
and Fujimura, 1993a; Zlot et al., 2002; Gerkey and Mat2002; Burgard et al., 2005;
Stachniss et al., 2006). These coordination strategies inasommon that they consider
individual exploration targets in the environment. In indenvironments, however, sev-
eral frontier targets are often generated close to each. ddoe to sensor occlusions that
result from furniture and other obstacles, multiple frergioften exist in the same room.
An illustration of this problem is given in Figure 2.1. Becawd occlusions, both rooms
S andS3 as well as the corridor contain several exploration frastieAn exploration
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strategy that focuses on individual targets and ignorssetfiect may lead to comparably
inef cient exploration behavior. Several robots may beigssd to the same physical re-
gion and this will often result in a considerable overlaph& sensor measurements in the
team. Furthermore, robots that operate close-by run irtoisk of affecting each other's
measurements and of blocking each other's paths. In the@eagiven in Figure 2.1, the
worst strategy would be to assign all robots to the froniieSs.

In the following, we introduce a new online coordinatiorastgy for multi-robot ex-
ploration. It assigns robots to regions instead of direatigigning them to exploration
targets. In indoor environments, we de ne regions as sépararts of the building such
as rooms and corridors. We apply a segmentation technigiieitie a map of the already
explored area into separate regions. By assigning robotgions, we avoid exploring
the same region with multiple robots. This strategy disieis the robots over the envi-
ronment more effectively than previous approaches. Thenoald distribution leads to a
reduction of redundant work and it also avoids interfererimtween robots. As a result,
the exploration time is signi cantly reduced. The key iddaoar approach is summa-
rized in the illustration in Figure 2.1. Our approach assigach of the three robots in
the example to a different region and thus achieves a godabdison of the team in the
environment.

This chapter is organized as follows. In the next sectionjnreduce the method of
generating exploration targets using the frontiers apgro#n Section 2.3, we describe
the Hungarian target assignment method which we use in candowtion approach.
In Section 2.4, we introduce a graph-based approach for egmentation and in Sec-
tion 2.5 we present our multi-robot coordination technig&ection 2.6 presents simu-
lated as well as real world experiments conducted to evaloat approach. Finally, we
give an overview of the related work in Section 2.7.

2.2. Exploration Targets

To explore an environment with a team of robots, most coatthn approaches generate
a set of possible exploration targets and assign robots tdses of those targets. An
exploration target is de ned as a speci c location in the ieorment and, in general, also
includes the orientation of the robot or sensor. To explai@get, the robot approaches
the speci ed position and takes a sensor measurement there.

The method of generating exploration targets depends omefiresentation of the
environment. The most popular representation for explmmas the occupancy grid map
that discretizes the environment into a grid of map cellsi@ec, 1988). A binary Bayes

Iter is applied to estimate the occupancy of each cell. Eaalhis initialized as unknown.
When sensor measurements are integrated, the estimateceflgwill converge to being
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Figure 2.2: Frontier extraction. Left: Frontier cells are determined at thadary betweeffree

andunknownmap cells. Unknown cells are shown light blue, free cells are depicted

in white and occupied cells in black. Frontier cells are shown in red. Righe Fi
exploration targets, visualized as red circles, are generated at feantier

occupiedor free depending on whether the corresponding area in environowerains
an obstacle.

The information about which parts of the environment hawentsensed by a robot and
which parts are unknown is used by the frontiers approachmé@techi, 1997) to generate
exploration targets. It identi es unknown cells that argeaent to cells which have been
sensed as being free before. Each of these frontier cebschable by one of the robots
and leads to unmapped areas. In practice, adjacent fraefisrare often combined into
a single exploration target as long as they lie within thel ef view of the robot's sensor.
This process is illustrated in Figure 2.2.

2.3. Target Assignment using the Hungarian Method

Once a set of exploration targets has been determined, audioation algorithm as-
signs these targets to the team of robots. Previous apmeagplied either iterative or
batch assignment methods: Iterative methods assign sai@ehe robot after the other
while batch approaches assign targets to all robots at dterative techniques, for ex-
ample the one proposed by Burgatal. (2005), allow costs and gains of targets to be
adapted after each assignment. Batch approaches, for exsimepinethod presented by
Ko et al. (2003), compute all costs and gains once but based on thasétegs they are
able to determine the optimal assignment. In experimentduations, both approaches
achieved a similar performance whenever constant expdorabsts could be assumed.
In our approach, we assume the cost to explore a region to tetaocd and therefore
perform a batch assignment.

Kuhn (1955) introduced a method to assign a sgbb§to a set ofmachinegyiven
a xed cost matrix. This method, which is often referred totias Hungarian method,
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computes an assignment that minimizes the total cost. i8jdrom ann n cost ma-
trix which represents the cost of all individual assignmsewitn jobs ton machines, the
Hungarian method is able to determine the cost-optimaltisolu The algorithm can be
summarized as follows (Stachniss, 2006):

1. Identify the minimal element in each row and compute a cedwcost matrix by
subtracting this element from each element in the corredipgrmmow. Afterwards,
reduce the costs in each column in the same way.

2. Find the minimal number of horizontal and vertical linequired to cover all zeros
in the matrix. In case exactly lines are required, the optimal assignment can be
derived from the positions of the zeros covered byrthiaes. Otherwise, continue
with Step 3.

3. Find the smallest nonzero element in the reduced cosbatiadt is not covered by
a horizontal or vertical line. Subtract this value from eacitovered element in
the matrix. Furthermore, add this value to each elementamgduced cost matrix
that is covered by a horizontal and a vertical line. Continite Step 2.

An illustration of the algorithm is given in Figure 2.3. Her@team of four robots is
assigned to four exploration areas.

The computationally expensive part lies in nding the minim number of lines cov-
ering the zero elements (Step 2). The overall assignmeatitdg has a complexity of
O(n) (Stachniss, 2006). In practice, coordination problemsitivalve several hundreds
of robots and tasks can be solved online (Gerkey and Mat20i04).

We apply the method described above to assign a set of targatidns (tasks) to
a team of robots (machines). A straightforward way of gemagathe cost matrix is,
for example, to estimate the length of the path that eachtrbas to travel to reach
the corresponding target location. Since the implementadf the Hungarian method
described above requires the number of jobs and machinesittebtical, we may need
to adapt the cost matrix to ful Il this requirement. Wheneteere are more targets than
robots, we expand the cost matrix by introducing virtualtstwhich will result in target
locations that are not approached by any of the real robat¢hdse cases where there
are more robots than targets we duplicate existing targetdrance multiple robots will
be assigned to the same target.

2.4. Map Segmentation for Exploration

The coordination approach presented in this chapter madeesfithe structure of indoor
environments. A typical of ce building consists of roomsdacorridors and each door-
way can be understood as a natural boundary between théses.eDQuring exploration,
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Figure 2.3: lllustration of the Hungarian method. Top row: four robots,§ajb need to be as-
signed to four areas (W, X,Y,Z). The costs for reaching each areaes givthe cost
matrix depicted on the right. Bottom row: The cost matrix is transformed using the
Hungarian method and an assignment of robots to areas is computed.
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we partition the map of the building into such regions. SaMeontier targets may be gen-
erated in the same room or corridor but by considering thensgve identi ed, we are
able to cluster frontier targets according to the strucbditbe environment. By assigning
robots to regions instead of assigning them to frontiereirglirectly, our coordination
approach achieves a balanced distribution of the team. drfidlfowing, we describe a
segmentation method that partitions the grid map of a gléhto structurally important
regions. The segmentation is based on the detection ofmg@@esages in the grid map
that correspond to doorways.

2.4.1. Voronoi Graphs

We partition the map of the building by applying graph-baisedge segmentation meth-
ods. Several methods to segment grid maps have been prapasede based on graph
cuts (Kuipers and Byun, 1991; Thrun, 1998; Beeson et al., 20¥&pvic et al., 2006;
Friedman et al., 2007). In this context, Voronoi graphs (@hesal., 2000) are a popular
method to represent environments. etlenote the free-space of a given grid nmp
To compute the Voronoi GrapB(m) = (V;E) of m, we consider the s€D(p;m) that
contains the closest obstacle points for each pwintC. The nodes of the Voronoi graph
are de ned as the set of points @hfor which there are at least two obstacle points with
equal minimal distance:

V = fp2CjjOpm)j 2g (2.1)

For each pair of nodes iG(m) we add an (undirected) edge if their corresponding points
in mare adjacent:

E = f(pgj p:g2V, padjacent tain mg (2.2)

The Voronoi graph can be generated from metric maps of theaemaent such as
occupancy grid maps (Choset and Burdick, 1995; Thrun, 1998} NLbe the number
of cells in the map. The straightforward solution would betmnpute the se®)(p; m)
for each cell in the map. We would need to perform a neareghber search for each
cell. Using search trees, each neighbor search akeg/N) time and the tree can be set
up inO(NlogN), thus the overall runtime complexity of the naive metho®@{s!logN).
However, the complexity can be reduced@gN) using image manipulation methods.
The Voronoi graph can be ef ciently constructed by rst apiplg the Euclidean distance
transform (Meijster et al., 2000) to an occupancy grid mdpe fesult of this transform is
stored in a distance map which for each cell in the occupandyngap holds the distance
to the closest obstacle. A Voronoi graph can then be constiugsing skeletonization
on the distance map. This method computes local maxima idigt@nce map. We use
an approach similar to the one proposed by Niblatlal. (1990). Both the distance
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Figure 2.4: Generation of the Voronoi graph. Left: Example grid map.t€2esrid map super-
imposed with visualization of the Euclidean distance transform (the darkenaig,

the larger the distance to the closest obstacle). Right: Grid map superimpitked
result of skeletonization of the distance transform.

transform and skeletonization have a runtime complexit@@{). Figure 2.4 illustrates
the process of generating a Voronoi graph from an occupamndyap.

2.4.2. Graph Reduction

The initial Voronoi graph computed from a partially expldrenvironment contains a
large number of nodes and edges that can be safely ignoredijoute a segmentation of
the environment as speci ed above. For this reason we cagrgorgduced Voronoi graph
using the method that is summarized in Algorithm 1. The Voigmaph computed from
a grid map often consists of several unconnected sub grapgeneral, there will be one
large connected component that corresponds to the alre@ityred area and there may
be several smaller components that are created in areakabamot been suf ciently
mapped. In a rst pre-processing step, we therefore redine graph to the biggest
connected component of the initial graph. The connectecboments of a graph can be
ef ciently computed using graph-search (Hopcroft and dafj1973). This step removes
parts of the graph that are not accessible from the alregulped area. An example can
be seen in Figure 2.5. Here, small unconnected sub graphseca@en on the top right
part of the initial graph (left gure) that are removed in tregluced graph (right gure).

In the following steps, we remove nodes from the graph thatrext necessary to
compute a partition of the grid map. Let the degree of a nodetgehe number of edges
associated with the node in the undirected graph. We remostesrand associated edges
with degree 2 (bridging nodes) from the graph that are notal lminimum with respect
to the distance to the closest obstacle points in the maped for generating the graph.
This distance can be computed for any Voronoi ne@eE using the setéXv; m) de ned
above and is returned by the methmdhdis(v). We preserve nodes that are local minima
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Algorithm 1 Computation of Reduced Voronoi Graph
Input:

G=(V;E), initial graph
Output:

GP= (VO EY, reduced graph

G%=(V®EY  biggestConnectedComponé®)
/I remove redundant nodes with degree 2
for all nodesv 2 f v2 VO degre¢v) = 2gdo
n = leftNeighbotv)
n, = rightNeighbo(v)
if (mindist(n)) mindis{v)) _ (mindis{(n,) mindis{v)) then
VO vOony
EO  EOnf(n;v);(v;n)g
E® E%f (n:n)g
end if
. end for
. I remove nodes with degree 1
. for all nodesv2 f v2 VO degre¢v) = 1g do
(VARRRVAYLLY,
EC E%f(vn)jon;(vn) 2 EY
. end for

e e o el
o U~ WNPRO

since they are used in the partitioning step described belowhe algorithm, we use
leftNeighbo(v) to access the the rst neighbor of a degree-2-noderagitNeighboKv)

to access the second neighbor. In the last step, we remowesbdt are of degree 1
(endpoints). Such nodes usually lead to the boundary of #gand thus can be ignored
in the case of map segmentation. The result of the reductguridnm applied to an
exemplary graph can be seen in Figure 2.5.

2.4.3. Graph Partitioning

After generating the Voronoi graph, we are now interestecr@ating a partitioning of

V=V (2.3)

such that each cluster of nod¥sis a segment of the environment that we can assign
robots to. Thruret al. (1998) proposed to segment the Voronoi graph of indoor envir
ments at so-called critical points. In their approachjaaltpoints are de ned as those
nodes in the graph at which the distance to the closest dbstathe map is a local
minimum. This is usually the case in doorways and other mapassages.
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Figure 2.5: Example of a reduced Voronoi graph in a small section ofdaroement. The partial
grid map is superimposed with the initial Voronoi graph (left) and the redvioezhoi
graph (right). Nodes are depicted as blue dots and edges are degigeska lines.
Light blue areas have not been explored yet.

Whereas this criterion can be used to reliably identify daysy it also generates a
number of false positive candidates in cluttered enviramsé¢see Figure 2.6 a). To
eliminate false positive boundary detections, we constra generation of critical points
in two ways: First, critical points are required to be of dag® (two edges) and they need
to have at least one neighboring node of degree 3 (a junctde)n Second, we require
the points to lead from known into unknown areas. Intuifiyée rst constraint ensures
that critical points in the graph correspond to decisiompi the topology (junctions).
The second constraint is motivated by the observation dgahents which do not contain
unknown areas can safely be ignored in an exploration task.

For each node in the graph our segmentation approach cosnfh&ealistance to the
closest reachable unknown cell. This value is then usedrity\tbat critical points are
created between parts of the environment that only containvk areas and parts that
also contain unknown areas. This can be done ef cientlygisimethod that is similar
to the computation of the Euclidean distance transform.

Figure 2.6 b) depicts the critical points determined by dgoathm when applied to
the example graph shown in Figure 2.5. In this gure, theatise of every free cell to the
closest unknown cell is visualized as a gray-scale valuedd#rker the value, the longer
the path to the closest unknown cell (avoiding obstaclekemap which are shown in
black). It can be seen, that all doorways have been idens@ctessfully and that no
critical points are generated in areas that have been edcpliready.

Our evaluation of this segmentation technique in real wexigeriments, which is pre-
sented in Section 2.6, showed that a segmentation can beutednguf ciently fast and
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b)

Figure 2.6: Critical points in the Voronoi graph of a small section of an enwirent. a) The
nodes highlighted in red are the critical points determined using the local minima
criterion only, as proposed by Thre al. Nodes are depicted as blue dots and edges
are depicted as green lines. Light blue areas have not been expéirell) \Critical
points chosen by our approach that considers the distance to unkredlsn the
distance of every free cell to the closest unknown cell is visualized aayasgale
value: the darker the value, the longer the path to the closest unknown cell.
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results in a partition that can be used to ef ciently cooed&a team of robots. In typical
of ce environments, we could reliably separate rooms amphsents of a corridor. Other,
more complex environments, may however require more stgdiisd segmentation al-
gorithms which rely on hand-labeled training data (Brungkial., 2007; Friedman et al.,
2007) or more complex reasoning (Beeson et al., 2005; Zivketval., 2006).

Urban outdoor environments, such as parks or campus sifesacstructure that can
be partitioned into several segments as well. In Chapter GyWeescribe a technique
to identify areas that contain vegetation to differentthim from areas that contain at,
drivable surfaces. In this way, a segmentation is de neti¢ha be used, for instance, to
explore such an environment.

2.5. Multi-Robot Coordination using a Segmentation of
the Environment

When exploring an environment with a team of robots, one sjfjyiceeks to minimize
the time to cover the complete environment. Clusters of whwit have a substantial
overlap in the eld of view of their sensors do not exploit th&ull potential. Since
their measurements overlap, the robots carry out redurdanit. For this reason, it is
important to assign robots to exploration targets suchthi@atobots do not get too close
to each other during exploration. The described effect gcmostly in situations where
rooms or other con ned spaces are explored by more than dv&.rdn general, it is
therefore more ef cient to explore separate regions of therenment with different
robots.

Buildings are usually divided into rooms which can be reachadorridors. In many
cases, it is a disadvantage to assign more than one robot wathe room. The room
might, for example, be too small for a second robot to speatisugxploration although
there initially is more than one exploration target in themo When the room is fully
explored, robots might even block each other while tryintetove the room which will
result in an increase in exploration time. In our approach,assign individual robots
to separate segments of unexplored space. In an indoooanwent, such segments are
rooms, corridors, or parts of larger corridors or rooms. @uproach takes into account
the structure of the environment and prevents the formingedfcient clusters of robots.
As we will show in the following, the algorithm is equivaletd a purely cost-based
coordination method in those cases in which the environimembot be partitioned.

Our assignment algorithm is summarized in Algorithm 2. Asigment is determined
whenever one of the robots requests a new exploration tafgedt, a partition of the
partial map of the environment is created, for instancequsiire graph-based method
described in Section 2.4. The algorithm then determinesé¢hef exploration targef§
within each segmeryg using the frontiers approach described in Section 2.2.
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Algorithm 2 Target Assignment Using Map Segmentation.

1: Determine a segmentati®@r fs;;:::;sng of the map.

2. for all segments; 2 Sdo

3: Determine the set of exploration targdtsvithin s

4: end for

5. for all segments 2 Sdo

6: for all robotsrj;j2f 1;:::;ng do

7: Compute the cos(tiJ of rj reaching the nearest tardgt, 2 T in segmens.
8: end for

9: end for
10: Assign robots to segments using the Hungarian Method.
11: for all segments 2 Sdo
12: if any robot assigned ®then
13: Locally assign robots to exploration targéisising the Hungarian Method.
14:  end if
15: end for

We determine the coqj of robotr; to explore segmery by estimating the expected
path cost to the nearest exploration target withip 2 T;. This quantity can be estimated
ef ciently using a path planning algorithm, for example,ji&itra’'s algorithm. As an
additional heuristic, we determine the segment that eabbtris currently exploring.
The estimated cost is then discounted by a constant factobdtr; is already located
in segment;. This has the effect that the robots stay in their assigngoheat until it is
completely explored.

After computing the costs of exploring a segment, an assggmns determined by
applying the Hungarian method (see Section 2.3) based ordstematrix given by
C= [Cij]izf 1, :mg j2f1 :ng- 1h€Hungarian method does not assign more than one robot
to the same segment unless there are more robots availablére are unexplored seg-
ments. To appropriately handle those cases in which meltipbots are assigned to a
single segment, we perform a local assignment of robotsdivigdual exploration tar-
gets within a segment. Because of this local assignment,|garithm is equivalent to a
purely cost-based assignment if the environment cannoatigipned, i.e., there is only
one segment.

By assigning robots to separate segments, a wide distribofiche robots over the
environment can be achieved. As we will demonstrate in tipeements, this leads to
a signi cant reduction in exploration time. In a typical @k environment, for example,
each of the corridors is explored completely by one of th@tabln this way, the rough
structure of the building will quickly be revealed. Meantehother robots will be as-
signed to the rooms reachable from the corridors, one ate tirhis behavior does not
only appear to be a natural way of exploring an unknown enwirent, our experiments
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also revealed that it signi cantly increases the ef ciermiythe robot team compared to
approaches which ignore the structure of the building.

Note that our coordination algorithm is not limited to horeogous teams of robots.
Consider the situation in which one particular robot canmaérea certain part of the
environment while another robot can. Such a situation mayekample, arise in an
outdoor exploration scenario where several types of wemae encountered and some
robots are better suited to explore a given type of terraam ththers (see Chapter 6).
The assignment algorithm described above can be applidikicase by using modi ed
exploration c:osté:ij de ned as:

- I .
cl = C’ ifrobotr;j can enter segmest

= 2.4
! ¥ otherwise (2.4)

The algorithm assumes a central planning agent that caaesithe team. For this rea-
son, reliable communication among the team of robots isirequlf the communication
range of the robots is limited, then clusters of robots cacdmedinated by choosing one
individual planning agent per cluster (Ko et al., 2003; 8tass, 2006).

2.6. Evaluation

Our approach has been implemented and evaluated usingasadals well as real teams
of robots. The simulated experiments have been designeerify that our exploration
approach leads to a signi cantly shorter exploration tinoenpared to a standard cost-
based approach that ignores the structure of the environna®e used the Carnegie
Mellon Robot Navigation Toolkit (Montemerlo et al., 2002)dionulate teams of robots.
This framework simulates robot movements and sensor rgadin the basis of ground
truth maps.

In addition to simulated teams we also evaluated our approamg a real team of
robots. The team consisted of two ActivMedia Pioneer Il tskequipped with a laser
range nder with a 180° eld of view. The real world experimisrhave been conducted
to demonstrate the applicability of the overall system umedalistic conditions.

During our experiments, the robots updated a joint occupamic map. Initially
empty, this map was generated from the sensor readings mitalts under the assump-
tion that the positions of all vehicles are known. This map wsed for coordination, path
planning, and path execution. Coordination took place omé&akeplanning component
that could communicate with all robots to assign exploratargets to them.
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Figure 2.7: Maps of the the environment used for our simulated experintguitding 079 of the
computer science campus of the Freiburg University (top) and the Camtésilding
at the University of Bremen (bottom).

2.6.1. Simulated Experiments

To evaluate our robot coordination algorithm, we simulatsins of robots in various
environments. We compared our segmentation-based apptmaccost-based approach
in which each robot is assigned to the closest frontier thatriot been assigned to an-
other robot yet. This baseline approach is similar to the@ggh introduced by Ket
al. (2003). Since this strategy does not consider the structuilee environment, it will
in general assign more than one robot to a room or corridéoicdmtains more than one
exploration frontier. To eliminate in uences of the segrtagion algorithm, we manually
speci ed a segmentation of the environment into rooms amddmrs in our simulation
experiments. As mentioned above, such a segmentation atadde generated reliably
from the partial map.

Figure 2.7 depicts the maps of the two buildings that wereuksited in the evaluation,
the Freiburg map (top) and the Bremen map (bottom). Both ottbagdings are of ce
environments, one is situated at the University of Freilang the other building is part
of the University of Bremen. To create a more challenging agenwe added clutter
to the map representing the of ce environment located althiversity of Bremen. At
a width of 54 m, the Bremen map is considerably bigger than teé&rg map (37 m)
and we simulated larger teams of robots there. We variedizbeo§ the simulated team
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from two to six robots (Freiburg map) respectively from twoetight robots (Bremen
map). For each team size, we conducted a series of 20 sim@aptoration runs start-
ing from different positions. Each of these experiments pa$ormed once using our
segmentation-based approach and was repeated using dlieabéasordination method.

We compared both approaches in terms of the overall runtroerhpletely explore the
environment. The results of our evaluation can be seen ar€ig.8. The gure shows
the relative runtime improvement of our approach compacethe baseline approach,
where the improvement is de ned @8egmentation thaselinétbaseling 100, Withtpaseline
denoting the absolute exploration time of the baseline@pr andsegmentatioflenoting
the absolute exploration time of the segmentation-baspabaph. A paired t-test showed
that our target assignment method signi cantly outperfedthe baseline approach.

We observed a bigger runtime gain in the evaluation of the Bremap. This map
features several large rooms while the Freiburg map is ceewbof two large corridor
segments and a number of smaller rooms. This observationspoi scenarios in which
our approach will lead to especially good results: Whenelerdanvironment can be
divided into reasonably large and separated segmenteduritjue substantially reduces
the overall exploration time.

When there are more segments than robots, our strategy sissigmobot to one seg-
ment. As soon as there are more robots than segments, rautiipbts may be assigned
to the same segment as mentioned in Section 2.5. For thismetee runtime gain of
our strategy will decrease for large teams of robots in seralironments. This can be
seen in Figure 2.8. Note, however, that the overall time togete the mission is still
reduced when more robots are added to the task — the plot baolyssthe improvement
of our approach compared to the baseline approach.

2.6.2. Real Robot Experiments

To demonstrate the applicability of the overall system umealistic conditions, we used
our segmentation-based approach to explore a typical dfckling with a team of real
robots. For this experiment, we used two identical Pioneeohots equipped with a
SICK LMS laser range nder and a standard laptop-computerrifiguthe experiment,
both robots were connected via a wireless network. The rolatization was achieved
using an incremental scan-matching approach as descnpkiélnel (2005). The rela-
tive starting poses of the robot were determined manualthénbeginning. Figure 2.9
depicts the two robots during the exploration mission.

During exploration, the team was coordinated using the segation-based approach
introduced in this chapter and the segmentation of the mapdetermined utilizing the
graph-based segmentation described in Section 2.4. Thezimgnts were conducted in
the lower oor of building 079 of the Freiburg computer saxencampus (a map of this
building was also used in the simulated experiments, sag&® 7). The building has a
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Figure 2.8: Average exploration runtime improvement of our segmentatieedapproach over
a frontier-based baseline approach. The results for the Freiburgmmapa@wn at the
top and the results for the Bremen map are shown at the bottom.
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Figure 2.9: Two Pioneer Il robots exploring the AIS laboratory of the/drsity of Freiburg using
our segmentation-based coordination approach.

size of approximately 37 m x 14 m and consists of numerouseof@ms and two long
corridors divided by a door.

The team of robots was able to successfully explore the @mvient using our coordi-
nation approach. The result of one of the experiments carede in Figure 2.10. The
gure shows the map generated from the sensor measuremiebtdlorobots after the
exploration had nished. It also shows the trajectories offbrobots during the explo-
ration. The total exploration time was less than nine misug@ch of the robots traveled
approximately 120 m.

It can be seen that each of the rooms was explored by exactlpfahe robots. It can
also be observed that both corridors have been exploredletethpby one of the robots
while the other one was exploring rooms reachable from thedm. Another noteworthy
effect of the segmentation-based coordination is thatdhets did not interfere or block
each other during the execution of their tasks.

2.7. Related Work

The problem of autonomous mapping environments with motabeots is well stud-
ied and can be considered “a primary application domain hotios systems develop-
ment” (Thrun et al., 2005). An early approach described byp&rset al. (1991) au-
tonomously builds a topological representation of the rmment while the approach
presented by Dudedt al. (1991) uses a graph-structure.

Two of the earliest approaches that learn a metric modeld@ianenvironments have
been presented by Thrwet al. (1993) and Edlinger and Puttkamer (1994). An explo-
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Figure 2.10: Resulting map of the real world experiment superimposed wittajbetories of the
two robots.

ration system that uses occupancy grid maps has been mddmntramauchi (1997).
He introduced the concept of frontiers between known andhowk areas in a grid map,
which are widely used to select potential target locatiamsng) exploration.

The extension from single exploring robots to teams of relats received consider-
able attention in the past. The ef ciency of the team is gdidg the coordination strategy
to a large extent and a host of different approaches havegpresanted.

An implicit approach that assigns each robot to the closqdbeation target was pro-
posed by Yamauchi (1998).

Ko et al. (2003) presented an approach that uses the Hungarian m@thbd, 1955)
to compute the assignments of frontier cells to robots. hirest to our approach, Ket
al. mainly focus on nding a common frame of reference in casesthet locations of the
robots are not known and do not utilize a segmentation of tkeg@ment.

As a way to trade off costs and gains of exploring a target, &uwaret al. (2005) com-
pute the utility of frontier targets. They simulate sens@asurements, estimate path
costs, and take visibility constraints into account. Tes@ee then assigned to the robots
iteratively.

Zlot and colleagues (2002) proposed an architecture fandeaf mobile robots in
which the exploration is guided by a market economy. Theoar sequences of poten-
tial target locations for each robot and trade tasks betwleemobots using single-item

rst-price sealed-bid auctions. Such auction-based teples have also been applied
by Gerkey and Matati (2002) and Berhault al. (2003) to ef ciently solve the task
allocation problem with a group of robots.

In a formal analysis of task allocation methods, Gerkéwl. (2004) compared cen-
tralized coordination methods and distributed methodk ss@uction-based approaches.
They concluded that “for small- to medium-scale systemgnsa200, a broadcast-based
centralized assignment solution is likely the better cadic
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An early approach towards cooperation in heterogeneows sylstems was presented
by Singh and Fujimura (1993a). In their system, wheneverbatres too big to pass
through a narrow passage during exploration, other robetsndormed about the task.
Howardet al. (2002) presented an incremental deployment approachxpitidy deals
with obstructions, i.e., situations in which the path of @obot is blocked by another
robot. Koeniget al. (2001) analyze different terrain coverage methods for krohbts
with limited sensing and computational capabilities.

The problem of integrating semantic background infornraiitto the coordination
procedure was previously considered by Stachetiss. (2006). This technique is related
to the method proposed in this chapter, even if the methggaksubstantially different.
Their approach reduces the overall exploration time fomtaf more than ve robots.
In contrast to that, our approach is also able to reduce thl®gation time signi cantly
for small teams of robot.

Learning topological maps is a research eld on its own arftedint methods have
been proposed (Brunskill et al., 2007; Friedman et al., 28Qifpers and Byun, 1991;
Thrun, 1998; Zivkovic et al., 2006). These approaches sagthe environment into
regions and they have originally been designed to faalitapological localization and
loop closing or they have been used to reduce planning cdstsontrast to this, we
apply segmentation techniques to coordinate a team of exgloobots. Since our coor-
dination approach is not speci c to the graph-based segatientmethod we presented
in this chapter, it can make use of any of these segmentgpiproaches to improve the
coordination of an exploring team of robots.

Our ndings have recently been con rmed by other researshbr a comparative eval-
uation of exploration strategies, Hodt al. (2011) con rmed that using a segmentation
of the environment, as it is done in our approach, leads tetanbal improvements:

“Using map segmentation (SEG) reduces the traveled distasgecially in
the hospital environment, where SEG provides a good qusdigynentation.
Enabling SEG prevents to leave out corners and occlusionsgploring

them in the last steps of the exploration. Without SEG, rpldtwvisits to

the same room can be necessary, e.g., when the currentsroboih is not
completely explored and the best frontier location happe& outside that
room.”

2.8. Conclusion

In this chapter, we presented a novel technique for cootidipa team of exploring
robots. Our approach makes use of the structure of the emagat. We compute a
segmentation that partitions the environment into stmadiyiimportant regions. In build-
ings, such regions correspond to rooms and corridors. gus\approaches often gener-
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ate exploration targets on the frontier between mapped amédpped areas and multiple
exploration targets are usually generated in the same rgotorador. When several
robots explore the same physical region, however, theenaft a considerable overlap
of the sensor measurements that leads to inef ciency. Byidensg the regions we
identi ed in our approach, we are able to cluster target®atiag to the structure of the
environment. We assign robots to regions instead of asgjgthiem to target locations
directly, thus achieving a balanced distribution of thented his leads to a signi cantly
shorter overall exploration time compared to previous agpines which do not consider
the structure of the environment. The distribution achideye our approach reduces not
only the amount of redundant work but also the risk of intexfiee between robots. In ad-
dition to the coordination strategy, we introduced an edrdi graph-based segmentation
technique for partially explored environments that idestregions in buildings that are
separated by narrow passages such as doorways. Our nigdtigoordination approach
has been implemented and evaluated in simulation as welltasateam of real robots.
The experiments show a signi cant improvement of our apphasompared to a standard
frontier-based approach.

Our approach is not limited to the partition of indoor enwineents into rooms and
corridors. Structurally important regions could, for exde) also be de ned on the basis
of traversability information. In Chapter 6, we will presentechnique to detect grass in
outdoor environments. Using this information, our apphoean be used to explore paths
and areas covered with grass in a similar way as we appliedexplore corridors and
rooms in a building.






Chapter 3

Coordinating
Heterogeneous Teams of
Robots

3.1. Introduction

In many applications, a coordinated team of robots offevsathges over a single robot.
Multi-robot systems have the potential of being more faniietant and of reducing the
overall time to complete a given task (Dudek et al., 1996; Ctaal.e 1997). A well-
studied problem is the exploration of an unknown environiméth a cooperative team
of robots. Previous approaches often addressed the pralexploring an environment
with groups of robots that have identical capabilities. dorclinate suclhomogeneous
teams, popular approaches determine a set of exploratigatsaand assign robots to
them numerically (Zlot et al., 2002; Ko et al., 2003; Berhaatlal., 2003; Burgard et al.,
2005; Stachniss, 2009). These approaches consider thenmbtte expected information
gain of each exploration target. The coordination techeiige presented in Chapter 2 is
also an example of such cost-based numeric approaches.

In this chapter, we address the problem of coordinatingoekp teams of robots with
differing capabilities. The robots in subleterogeneous teamsay differ in their physical
properties such as their sensor setup, their size and ghytloair maximum traveling
speed, or the type of terrain they are able to traverse. Imapproach, we especially
consider robots that differ in the actions they are able tdop@. For instance, robots
might be equipped with manipulators, they could be able mayelocalization beacons,
or they could even deploy other robots. Numeric, cost-baseddination approaches
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are able to consider differing properties of robots if natign costs are affected. For
example, the cost of reaching a target depends on the ta&etiof a robot and it is also
possible to encode that a robot cannot reach a target duestramts on the size of the
robot or the type of terrain it can traverse. Unfortunatielyg not straightforward to take
into account actions other than navigating to exploratawgets since there is no ef cient
mapping of such actions to cost or utility measures. While e asually specify the
time it takes to perform an action such as deploying a rolidg not meaningful to
compare this cost to the cost of exploring a given frontieggdh The reason for this
incompatibility lies in the fact that performing an actidrat does not explore parts of the
environment has no apparent immediate reward to an exjgorsystem but it effects its
performance in the future.

From a conceptual point of view, the ability to perform ansdhat go beyond navigat-
ing to goal positions introduces correspondaygnbolic actionsThis term is commonly
used in classical planning approaches that encode theo$taty/stem using logical sym-
bols. Classical planning approaches execute symbolicrectmchange the state of the
system towards a pre-de ned goal state. In the context otiribot exploration, we
de ne a symbolic action as any action that does not explorspE the environment
directly. Examples of such actions include opening doopgrating elevators, moving
obstacles, and deploying other robots. There exist relgtiew approaches that coordi-
nate teams of robots and take into account symbolic actiOng. speci ¢ set of actions
that has previously been considered is the deployment dridvad of robots by other
robots. To execute symbolic actions, previous approactlgson manually designed
strategies (Singh and Fujimura, 1993b; Murphy et al., 1289taert et al., 2002). One
strategy, for example, is to deploy a smaller robot whenavarge robot cannot reach
a given goal. These strategies, however, are speci c totaicetype of robot and envi-
ronment and it is unclear whether they are able to ef cieothprdinate large teams of
robots.

The approach presented in this chapter considers symlmigna explicitly by apply-
ing symbolic planning techniques. In the context of mubipot exploration our goal is to
explore all exploration targets as fast as possible. Wenasghat to reach some targets
it is necessary to execute additional symbolic actions sisckemoving an obstacle or
operating an elevator. The key idea of our approach is tgiate a symbolic planning
system and a robotic path planner. Since it is unclear how ametianslate symbolic
actions into a cost measure as it is used in numeric coordmapproaches, we instead
treat navigating to an exploration target as an action inmnal®jic planning system. We
generate a symbolic formulation of the coordination probkaat includes navigation
goals as well as symbolic actions that have to be executets dEscription serves as
the input to a symbolic planning system that solves the dgoatin problem. However,
classical planning approaches do not consider the exectist of the solutions they gen-
erate. Adding costs measures to actions turns the cooialinatoblem into aemporal
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planning problemand there exist ef cient algorithms to solve such proble@srevini
et al., 2008; Eyerich et al., 2009). We estimate executi@tisdor each navigation action
using a robotic path planner.

In contrast to cost-based coordination approaches, otemayis able to explicitly plan
for the execution of symbolic actions. Still, the use of actcosts that are determined
by the robotic path planner allows us to generate time-eftisolutions. In this way,
our approach combines the strength of cost-based cooiatirggpproaches with the ex-
ibility of symbolic planning systems. To evaluate our capation approach, we apply
our framework to two popular multi-robot applications: &gation of unknown envi-
ronments with heterogeneous teams of robots and disastareny with heterogeneous
teams.

An interesting coordination problem arises when a team bbt®includes members
that are able to deploy and retrieve other, smaller robots:. aFtask such as the au-
tonomous exploration of lunar craters, one can imaginetsottiat approach the crater
and then deploy a specialized robot which descents intortiterc(Cordes et al., 2011,
ESA, 2008). Such systems are frequently referred to as mpiatsobots (Murphy et al.,
1999). The coordination of marsupial teams generally reguo carefully plan deploy-
ment and retrieval actions, both are symbolic actions a@tegrto our de nition. In
addition, one has to take into account the different progeidf the robots such as their
sensor setup, their size and payload, their maximum traysjpeed, or the type of terrain
they are able to traverse. The coordination framework pegan this chapter is applied
to the exploration of an unknown environment using mardupams of robots.

A further class of applications for teams of heterogeneobsts is centered around
the scenario that important parts of an environment havaps#d after a natural disas-
ter. In such a setting, teams of robots can, for instance sbd to perform search and
rescue missions. We consider the task of carrying out pmeedeactions at certain crit-
ical locations in the collapsed structure, for example et@stablish safe operation of a
failed power station or chemical plant. Such a disastere&gyatask requires robots with
diverse capabilities. First of all, robots are requiredleac collapsed paths throughout
the structure. At the same time, there is a need for robots gabd sensors or precise
manipulation skills to open doors, operate valves, closegect parts of the building, or
repair damage. A heterogeneous team of specialized roaotsecused to provide these
capabilities in a exible way. We apply our proposed framekito coordinate a team of
exploring and clearing robots in a simulated disaster sgenia addition to exploratory
navigation actions, we explicitly plan for symbolic cleggiactions.

Both application scenarios serve as motivating examplethiswork. We developed
and implemented a coordination approach for both apptinatand compared our ap-
proach to ad-hoc extensions of cost-based numeric codiamnapproaches. As we will
show in the evaluation, our approach produces signi cabéiter plans leading to a de-
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Figure 3.1: An exploring robat has to explore both targetsandt,. The path td; is blocked at
b, (dashed line). A clearing robatcan clear the blockade.

crease in both the overall runtime and the sum of travelenliies. Additionally, we
applied our approach to coordinate a real-world heterogeneobotic system.

The remainder of this chapter is organized as follows. Werbleg giving a short in-
troduction to the temporal planning approach we apply ingystem. In Section 3.3, we
describe our coordination framework and its componentghérfollowing Section 3.4,
we describe a speci ¢ application of our approach to the |enobof exploration with
marsupial robots. In Section 3.5, we present a further egjtin of our framework in
the context of disaster recovery. Our experimental evalnas presented in Section 3.6.
Finally, we discuss related work in Section 3.7.

3.2. Temporal Planning

Our approach employs a symbolic planning system to compettens for a team of
robots. Algorithms for classical domain independent piagigenerate plans that consist
of sequences of actions. There is a substantial body o&fitez on this topic and a
description of planning algorithms can, for example, benfbin (Russell and Norvig,
2010). In contrast to these classical planners, tempaoaahihg systems explicitly allow
for concurrent actions. Consider the initial state of thepdeplanning problem shown
in Figure 3.1. The environment contains two targetndt, and two robot& andc. The
task is to explore both targets using roleoRobotc can clear the blockad® using the
action(clear ¢ bl) and robote can explore targets using, for example, the action
(explore e t2) . Targett; is blocked byb; and cannot be explored initially.

A classical planner is able to produce a sequence of actiasolves the problem of
exploring all targets. For example the following plan is &daolution:

(clear ¢ bl)
(explore e t2)
(explore e t1)

This, however, is not the best solution to the task. The w&i aictions are not dependent
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on each other, so they can be executed in parallel. Templarahipg allows to express
such concurrent actions and would result in the followingreglary plan

0.0: (clear c bl) [1.2]
0.0: (explore e t2) [2.0]
2.0: (explore e tl1) [1.8],

where the actions are preceded by the start time and thaahsaif actions are given in
square brackets. For examp{explore e t2) starts at time @ and takes D time
units to complete.

In our approach, we de ne temporal planning problems usiBdP 2.1 (Fox and
Long, 2003), which is a language for de ning planning probseand allows for durative
actions. Durative actions are an extension of classicalnpte actions. In addition to
conditions and effects they allow the problem descriptmgecify an execution time.
Note that solutions to temporal planning problems do notnéea strict sequence of
actions but merely a partially ordered set and especiadly dlations might be executed
in parallel.

In realistic planning problems, there will be restrictiams which actions can be ex-
ecuted in parallel and which actions have to be completedrbefnother action can be
started. These restrictions are modeled as conditionse Mi@cisely, a condition is de-
ned as a tuplgC- ;Cs ;C;), whereC: is a start condition that must hold at the start time
of the actionC; is an end condition that must hold at the end of the actionGgnds an
overall condition that must hold during the execution of élcon.

The effects of durative actions are speci ed in a similar wag effect is de ned as a
tuple(E: ;E;), whereE: is a start effect that is applied at the start of the actionEni
an end effect that is applied at the end of the action. For metails on the de nition of
temporal planning tasks we refer to the work of Eyeetlal. (2009).

When coordinating a cooperative team of robots, speci csask assigned to individ-
ual robots. In most domains, robots work in parallel. Stilgir actions might depend on
each other, for example, when a robot is clearing a path foth&n robot. Coordination
problems that include such cases can only be solved eflgienhen the concurrency
of the domain, but also interdependencies of robot tasksaecounted for. Temporal
planning allows for the speci cation of such conditions aadherefore well suited for
multi-robot coordination.

3.2.1. Planning Domain De nition Language

A wide range of problem types can be modeled as a generalipaproblem, ranging
from transportation problems and single-player gamesneigg combinatorial problems.
Inrecent years, the Planning Problem De nition Languade@P) (Fox and Long, 2003)
has been established as the prevalent planning language.
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To generate a PDDL task description, one needs to de ne €iothjects involved in
the planning process, (ii) the predicates that de ne theestathe planner, (iii) actions
that change the state, and (iv) a start state and a goal mndiVe will give several
examples of PDDL statements in the following sections. TB®P description then
forms the input to symbolic planners.

In our approach, PDDL is used to encode the coordinationl@nolthat has to be
solved in a multi-robot system. Based on this descriptiomiéimporal planner computes
concurrent actions for the team of robots. We use PDDL/M (bege et al., 2009),
an extension to PDDL that allows for the de nition of extekmaodule calls. Using
this method, we combine symbolic planning and a robotic p&hner in our approach.
Details are given below, see Section 3.2.3.

3.2.2. The TFD/M Planning System

TFD/M is a domain-independent progression search planevldped by Dornheget
al. (2009). It extends the temporal planner framework Tempeast Downward (TFD)
by Eyerichet al. (2009). TFD in turn is based on a planning classical systdlacc&ast
Downward that was developed by Helmert (2006). TFD extehdstiginal system to
support durative actions and numeric expressions while/lVFiids support for external
modules.

TFD/M solves a planning problem in three phases: First, tB®IP planning task
is translated from its original encoding into a more conceggresentation using nite-
domain variables. This is used by the planner to guide thelkdy employing hierarchi-
cal dependencies between state variables and leads toreased search performance.
In the second step, ef cient internal data structures areegged that are used by the
search component and the search guidance function. Theimpsttant ones areo-
main transition graphgor each variable that encode how state variables can chihage
values and theausal graphthat represents the hierarchical dependencies between dif
ferent state variables. Finally, a best- rst progressiearsh is performed, guided by a
numeric temporal variant of the context-enhanced addmieéhod (Helmert and Geffner,
2008).

In contrast to several other temporal planning systems/VRIdes not decompose the
search into an action selection phase and a scheduling pbasearches directly in the
space of time-stamped states. This usually leads to plasigimfcantly higher quality
(Eyerich et al., 2009). Note, however, that the rst planttisagenerated by this method
is not necessarily optimal. This is because the search gogdfunction is inadmissible,
in other words, it does not guarantee an underestimatioheofrtie execution cost of a
plan.

TFD/M is implemented as an anytime algorithm that does notiteate after the rst
solution is generated. It produces a potentially non-opltisolution quickly and then
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prunes the search space to those time-stamped states vanigotentially be extended
to solutions with a lower overall duration. If all states hetresulting state space are
expanded, the produced solution is guaranteed to be optimal

3.2.3. Semantic Attachments in TFD/M

TFD/M features semantic attachments that are a means aiagval components of
the planning task externally. This is implemented as a nedhikrface for predicates,
numerical effects, and durations. In our coordination atgm, semantic attachments
are used to specify durations of actions in the planning tkesicription. Consider, for
example, the following module speci cation:

(costClear ?r - robot ?b - blockade cost
costClear@libcost_module.so)

This de nes a semantic attachment for cost computationi¢atdd by thecost key-
word) and is used to specify the duration of actions. It hasgarameters, a robotand
a blockadéb. To de ne a semantic attachment, a function call is provitteat performs
the actual computation externally (hecestClear@libcost_module.so ).

We can now use the semantic attachment de ned above to gpbefduration of
actions. Theclear action in the initial problem (see Figure 3.1), for examuian be
de ned in the following way:

(:durative-action clear
:parameters (?c - clearer ?t - blockade)
.duration (= ?duration [costClear ?c ?t] )
:condition (and (at start (at ?c ?t))

(at start (not (cleared ?t))) )
.effect (and (at end (cleared ?t)) ) )

Note that the use of semantic attachments is indicated bgredibrackets in the de ni-
tion. For details on the implementation of semantic attaamisin forward chaining state
space planners such as TFD/M, we refer to the work of Dornbegk (2009).

When the planner expands actions in the planning phase,dtidetemantic attach-
ments and executes the associated dynamic library calleselTeéxternal calls compute
the appropriate action costs. In our approach, for exantipdesost of navigation actions
are computed by a robot path planner.
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Figure 3.2: System overview of our coordination system. Solid arrows giiesthe control ow
and dashed arrows represent data passed between modules.
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3.3. Coordination of Heterogeneous Teams of Robots
Using Temporal Planning

In the following, we will describe our coordination frameskdor heterogeneous teams
of robots. We assume that to solve a given task, the robots tasawmove in the environ-
ment and additionally need to perform symbolic actions. his tontext, symbolic ac-
tions are de ned as actions that change the state of the lbsgstem but whose primary
purpose is not to change the position of the robots. Numercdination approaches
usually consist of a method to evaluate the utility of natilgagoals and a target assign-
ment technique. Since it is unclear how we can translate sjfmactions into a utility
measure as it is used in numeric coordination approachemstead treat navigating to
an exploration target as an action in a symbolic planningesys In our approach, the
target evaluation and assignment modules of numeric appesaare replaced by a tem-
poral symbolic planner, a method to generate a problem igé¢iser for this planner and
a numeric path planner that is used to estimate the path @bsévigation actions.

The architecture of our system is illustrated in Figure 31ur approach, we assume
global and unlimited communication between the robots &nd employ a centralized
coordination approach. Furthermore, all robots are asdumknow their individual po-
sition. The team of robots provides the sensor data andsstéthe platforms, such as
their positions, current actions and navigation goals,uiloocentralized coordination sys-
tem. We use the sensor measurements and poses of the roboilslta grid map of the
environment. From this map, we extract locations that devaat for coordination. In
an exploration task, relevant locations would be exploratargets that can, for example,
be determined using the approach described in Section 8.8xdcute symbolic actions
we furthermore extract positions at which the actions nedmktexecuted. If some of the
robots were able to open doors, for example, we would deterthie positions of doors
in the map.

We solve the coordination problem of assigning actions &rtbots using the tem-
poral symbolic planning system TFD/M. From the currentestait the robots and the
locations we extracted from the map of the environment wegda a problem descrip-
tion in PDDL. This description serves as the input for thenpkr. Since the goal is
to solve the given task as fast as possible, we need to coribeleosts of traveling to
navigation goals. To this end, we make use of the modularfate of TFD/M to call a
numeric path planner for mobile robots. The numeric plametirns the estimated path
cost of reaching a goal position from a given start positBased on these estimates, the
temporal planner is able to compute an ef cient plan thaveslithe mission goal. From
the solution of the symbolic planner, we extract actionssert them to the robots. The
loop depicted in Figure 3.2 is executed constantly: Wheneegr information about
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Figure 3.3: Example of a marsupial robot team. A versatile but slow legg&dneis deployed
by a faster wheeled robot. (Image courtesy of DFKI Robotics Innovaiemter)

the environment arrives, for example, new sensor data eped or one of the robots
reaches a target, we replan.

Some of the modules in our coordination framework are spetai the application. De-
pending on which actions the robots are able to perform, ved t@adapt the PDDL de-
scription of the coordination problem. The possible actifimthermore in uence which
locations we need to extract from the map. In the following,will present two applica-
tions and describe how to adapt the framework to them.

3.4. Coordination of Marsupial Teams

In the rst application, we use our planning framework to odioate a team of marsupial
robots. In such a team, one group of robots, ¢heiers, are able to carry, deploy and
retrieve a group of other robots, thevers An example of a real carrier and rover robot
is depicted in Figure 3.3. Here, a versatile but slow legdatfgrm is deployed by a
faster wheeled robot.

We assume that carriers and rovers have different navigatipabilities and that cer-
tain areas of the environment can only be explored by thersawed others only by the
carriers. We furthermore assume that the robots are ablet&srdine which areas are
traversable by which robot based on their sensor obsengtior example based on
techniques presented in Chapter 6.

In our experiments, a marsupial team consista oarrier robots, where each carrier
initially carriesm rover robots. The goal is to completely explore the envirenithat
is, to cover the traversable area with the sensors of thetsobéigure 3.4 depicts a
situation where a carrier has to choose between exploriagetivironment itself and
deploying a rover in an area that it cannot reach. This iliss the key challenges that
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Figure 3.4: An exploring robot (white circle) has to choose between thossible actions: ex-
plore target;, explore targets, or deploy a smaller robot am to let it exploret, in
the red area that it cannot explore itself.

C’(’I”I’Ll7 tg)

Figure 3.5: Example of the costs that have to be considered. Dotted linesaiuste estimated
path costs between the robot at positiprand the different target positioris the
costs between meeting points and robot or targets positions, and costs between
target positions. For the sake of better visibility, we did not display all costisisn
gure.

the coordination method faces: It needs to generate exyorirgets, to assign robots
to those targets, and to schedule deployment and retrietraha.

3.4.1. Target Locations and Cost Estimation

To identify potential target locations, a set of exploratiargetsT is generated from the
partially explored grid map. In addition to this, a set of ieg pointsM is determined.
These meeting points are situated at the border betweea gaots of the environment
that can only be traversed by the rovers and the parts thabrdgrbe traversed by the
carriers. They are used for deployment and retrieval of tlvens (see Figure 3.5 for an
illustration). To determine the targets and meeting pant®ntier extraction algorithm
Is used as described in Section 2.2.

There are two basic types of actions a carrier can perforplpogrg a target or visiting



44 CHAPTER 3: COORDINATING HETEROGENEOUSITEAMS OF ROBOTS

a meeting point to deploy or retrieve a rover (see Figure. 3While deployment and
retrieval are assumed to have constant costs, the coswefitrg between two locations
in the environment is de ned as the estimated travel time given robot. This cost
depends on the path length as well as on the traversabilistiants and travel speed of
the corresponding robot. Létpebe a robot type (here: carrier or rovex)a location in
the environment antd2 f T[ Mg a target. We de ne the cost for reachihgs:

8

< estimatePathCaostt) if robots of typetypecan reach from x

CypeXit) = :

otherwise

whereestimatePathCoét;t) returns the estimated path cost. Finally, the exploraaghk
is completed as soon as the set of exploration tarféssempty.

3.4.2. Formulating the Exploration Problem as a Temporal Planning
Problem

To apply the coordination approach described above, we toesatode the coordination
problem that arises in a given situation as a PDDL descriptkrst, we de ne which
types of objects are involved. In the exploration scengrssible objects are robots that
can be either rovers or carriers and locations that can béimggeoints or exploration
targets. The corresponding PDDL statements are given ior€&ig.6 a. Second, we
specify the predicates that are used to de ne the state. Tdjermredicates we use to
describe the exploration problem are

(at ?r - robot ?x - location) ,
which describes that the robots at positionx and
(on ?e - rover ?c - carrier)

which is used to determine whether a roees docked at a carrier. For each target2 T,
we also de ne if it has been explored

(explored ?t - target)
Additionally, we use a numeric state variable
(num_docked ?c - carrier)

that keeps track of the number of rovers that are docked ati@zica

Third, the actions that change the state are provided. Waealtour actions, namely
dock , undock , move, andexplore . The actionsdock andundock are used to
deploy or pick up a rover. They require that the carrier aredrthver are at the same
meeting point, which is ensured using the predicate. For docking, the number of
docked rovers has to be lower than the carrier's capacitytiamdction changes a rover's
state from being at a meeting point to being on a carrier (@@daising then predicate).
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a) (itypes
robot
carrier rover - robot
location
target meeting - location )
(:predicates
(at ?r - robot ?x - location)
(on ?e - rover ?c - carrier)
(explored ?t - target)
(can_explore ?r - robot ?t - target))

b) (:durative-action explore
:parameters (?r - robot
?s - location ?g - target)
:duration (= ?duration
[pathCost ?r ?s ?q])
:condition (and (at start (at ?r ?s))
(at start (not (explored ?Q)))
(at start (can_explore ?r ?g)) ... )
-effect
(and
(at start (not (at ?r 7?s)))
(at end (at ?r ?Q))
(at start (explored ?Q))
)

C) (Ginit

(at robot0 p)
(on robotl robot0)
(can_explore robot0 t1)
(can_explore robotl t2)
(can_explore robot0 t3)

)

(:goal (and
(explored t1)
(explored t2)
(explored t3)

)

Figure 3.6: Examples of PDDL de nitions used in the exploration domain. anibben of the
types and predicates. b: De nition of tlexplore action. c: Example that shows

how to specify the current state of the world for the TFD/M planner (sedrifitisn
shown in Figure 3.4).
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The other two actionmove andexplore  model the possible motions of the robots.
Themove action moves a robot to a meeting point for deployment orenedf while the
explore action moves the robot to a target and explores it. To de edilration of the
move andexplore actions, we employ the module interface of the temporalr@an
Instead of specifying a constant duration or a xed formule, call an external module
that determines the duration of the action. In our setting,external module is realized
by an ef cient path planner for mobile robots that plans thetimal trajectory of the
robot to the given target location based on the current aoocypgrid map constructed
by the robots so far. Figure 3.6 b depicts the PDDL statentbatsdescribe the action
explore . Theterm[pathCost ?r ?s 7?q] represents the call to the external mod-
ule. In our current implementation, we use Dijkstra's altfon for cost estimation as it
allows to ef ciently compute the path cost from a given sfaition to all goal positions.
Finally, the initial state of the current planning procesland the goal state are speci ed.
For the situation depicted in Figure 3.4, this is exempliiadrigure 3.6 c.

3.5. Coordinated Disaster Recovery

As a further application of the coordination approach desdrin Section 3.3, we inves-
tigate teams of robots that operate in a disaster recoveneso. More speci cally, we
assume that a known building is partially collapsed so tha#tgpwithin the building are
blocked at unknown positions. The goal is to visit a givenasegargets in the building
using a team of robots. In a real world application, the reloould, for instance, provide
high-resolution views of the situation, close a set of va)y@ deploy a set of beacons.
We assume that there are two types of robetgploring robotsthat visit targets by per-
forming a speci ¢ action at a given location awtearing robotsthat are able to clear
blocked paths. Both types of robots are able to detect blakading their sensors. All
robots are provided with a map of the environment that inetutthe mission targets. This
prior map does not, however, include blocked paths.

The key challenge in this scenario is to coordinate the tdawbots so that the explor-
ing robots do not waste time by waiting for blocked paths teleared. An illustration
of a typical situation in this problem domain is given in Figts.1.

3.5.1. Target Locations and Cost Estimation

The initial mission map includes all target locations thavénto be visited. These lo-

Whenever a target is visited by one of the exploring robots,iéemoved from the sét
and the mission map.

While the robots navigate in the environment they update thejps using their sen-
sors. Whenever a blockathds sensed, this information is distributed to all other risbo
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to coordinate the clearing robots.

Furthermore, the coordination system maintains a reptaten of the environment
that is composed of the prior building map and the set of lddek sensed by the robots.
This map is used by the robot path planner to plan collisiee fraths for the team of
robots and to estimate travel costs during target assighritestimates path costs from
a locationx to a target 2f T[ Bgaccording to

8
< estimatePathCastt) path fromxtot traversable

C(x;t) =
Gst) : path blocked,

where estimatePathCoét;t) returns the estimated path cost in the map that contains
known blockades. This is an optimistic estimate, as we dcasstime any knowledge
about where additional blockades may appear.

A disaster recovery mission is considered completed as asdime set of targefk is
empty, that is, all of the targets have been visited by anoexy) robot.

3.5.2. Formulation as a Temporal Planning Problem

To apply our coordination approach to the disaster recopenplem described above,
we encode the system's state and possible actions using Rfddéments. This PDDL
description then serves as input to our coordination algarias depicted in the system
overview in Figure 3.2.

First, we de ne which types of objects are involved. In theesario, the relevant
objects are the robots that can be either exploring robottearing robots and the map
locations that can be mission targets or blockades. Figira 8hows the corresponding
PDDL statements. Second, we specify the predicates thase/¢oude ne the problem
states. The state in the disaster recovery problem can lbeespasing

(at ?r - robot ?x - location)

which describes that the robiots at positiony,

(cleared ?b - blockade)

which describes that blockadehas been cleared, and
(explored ?t - mission_target)

which describes that mission targdtas been visited by an exploring robot.

Third, we provide the actions that change the state of thesysThere are four kinds
of movement actions: We distinguish between actions thglbes a mission target and
actions that have a goal position other than a mission tavgefurthermore differentiate
actions whose start location is a blockade and actions thdted a location in free space.
As an example, the PDDL de nition given in Figure 3.7 b de reemovement action that
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a) (:types

robot - object

clearer explorer - robot

location - object

free_location - location

mission_target - free_location

blockade - location)

(:predicates

(at ?r - robot ?x - location)
(cleared ?t - blockade)
(explored ?t - mission_target) )

b) (:durative-action explore-from-blockade
:parameters (?r - explorer
?s - blockade
?g - mission_target)
:duration (= ?duration [pathCost ?r ?s ?q])
:condition (and
(at start (at ?r ?s))
(at start (not (explored ?Q)))
(at start (not (= ?s ?Q)))
(at start (cleared 7?s)) )
-effect (and
(at start (not (at ?r ?s)))
(at end (at ?r ?Q))
(at start (explored ?qg)) ) )

Figure 3.7: Examples of PDDL de nitions used in the disaster recovery doraaDe nition of
the types and predicates. b: De nition of tb&plore-from-blockade action.
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explores a target starting from a blockade. It can be seahptbvement actions which
start at a blockade require the blockade to be cleared befaeution. All movement
actions require the robot to be at the start location andtresthe robot being at the
goal location. The costs of these actions are de ned as thma&ed path costs and
are determined via the modular interface much the same ag imarsupial exploration
scenario. The goal location of all exploration actions isiasmn target. Once such

an action is executed, the current state is changed so thaitotinesponding predicate
(explored t) is set to true.

In addition to exploration actions, we de neckear action to coordinate the group
of clearing robots. This action expresses that a given bldek is cleared by a clearing
robot that is positioned at the corresponding location. dimation of the action is de-
ned by the time the robot takes to clear the blockade. In oyegiments we assume that
this value depends on the size of the blockade. After themdiexecuted, the predicate
(cleared b) is set to true in the current state. Finally, the initial amdigstate are
de ned. In the initial state, no blockades have been diseml@nd none of the mission
targets have been explored. The goal state is de ned asdtesthat describes all mission
targets as explored.

The coordination loop depicted in the system overview (SgarE 3.2) is executed
continuously until the goal state is reached. While the dean of the actions remain
unchanged during consecutive planning cycles, the custatg of the system is updated
to re ect the current state of the system and the environmEmeé updated state descrip-
tion de nes all robots to be at their speci ¢ locations anddkades are added to the
state whenever they are discovered. Previously clearatkddies or targets that have
been explored are irrelevant to the current problem andaheisggnored in the problem
description.

3.6. Evaluation

The approach described in this chapter has been implemantedvaluated thoroughly
using a multi-robot simulation system. The experimentsdasgned to show that ex-
plicitly planning symbolic actions leads to a signi cantiore ef cient coordination
than using a heuristic extension of previous coordinatigpreaches. We evaluated our
coordination framework in the two problem domains introgilliin Section 3.4 and Sec-
tion 3.5. In addition, we show that our approach is able talpce ef cient coordination
plans in reasonable time and thus can be employed in a re&d-gystem.

3.6.1. Simulation System

To evaluate our coordination approach quantitatively, exetbped a simulation system
that is able to simulate large teams of heterogeneous robotsur current system, we
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Figure 3.8: Simulated environments in the marsupial exploration experimehtg (left) and
maze(right). White areas can only be traversed by carriers while red asrasmnly
be explored by rovers.

also simulate laser range sensors. Sensor and odometsy are@isiot considered since
we focus on the coordination aspects of the problems. Thieagmaent is modeled using
a grid map with additional traversability information anghsantic annotations such as
mission targets or blockades.

3.6.2. Exploration with Marsupial Teams

We simulated teams of marsupial robots to evaluate our apgprintroduced in Sec-
tion 3.4. The simulated environments contain areas thabognbe traversed by rovers
and areas that can only be traversed by carriers. The rolgetsm most real marsupial
systems are considerably slower than the carrier robotbelevaluation we account for
this difference by simulating carrier robots that are twasdfast as rovers. Furthermore,
the maximum sensor range of the carriers is also twice assfdreasensor range of the
rover robots.

We evaluated robot teams of varying sizes and differentrenments have been used
in the simulation. Two of the environments we used in our expents can be seen in
Figure 3.8. Thef ce environment resembles a typical of ce building with two ddors
and a number of rooms. Some of the rooms can only be exploredveys, those are
depicted as red areas in the maps. The second environmehg following referred
to as themazeenvironment, features a central area that can only be esgbloy rovers.
In contrast to the areas in the# ce environment, it has multiple meeting points that
can be used for deployment. A visualization generated bysitin@lator is depicted in
Figure 3.9. It shows a representative coordination problgrare exploration targets as
well as symbolic actions need to be considered.

To get an intuition of the extent of the environment, one caklat the ratio between
the size of the environment and the maximum sensor rangeeabtiots. In many real
of ce buildings, such as building 079 on the Freiburg camfaes Figure 2.10), this ratio
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Figure 3.9: Visualization of a simulated run in theazeenvironment. Robots are depicted as
disks with id numbers and carriers are marked by a white dot. Small circlestdep
exploration targets (red) and meeting points (green). In this situation; 8oweuld
be retrieved by carrier 0 or carrier 2 at any of the three meeting points iititsty.

is around 10 for a maximum sensor range of 4 m. The ratio fontaeeenvironment is
10.2 for rovers and 5.1 for carriers. In the considerablgdanf ce environment the ratio
increases to 23.8 and 11.9 respectively.

In both environments, we simulated 30 exploration runs vatidom initial robot posi-
tions. Exploration targets were determined using the feositapproach and neighboring
exploration targets were clustered using visibility coaisits similar to the approach pro-
posed by Burgaret al. (2005).

3.6.3. Baseline Approach

We compared our coordination algorithm to a heuristic esitamof a method that assigns
robots to target locations based on cost estimates (S&s;I#009). In this approach, the
Hungarian method is used to compute the cost-optimal assighof robots to explo-

ration targets (see Section 2.3). To adapt this method tpribldem of exploration with

marsupial teams, we rst assign the carriers to exploratogets independent of whether
they can access those targets or not. The assignment ig balstd on the estimated
travel cost of the carriers, ignoring traversability coastts in the estimation. The rovers
are then deployed as follows: Whenever a carrier is assignadarget that it cannot ex-
plore itself, it will move to the nearest connecting meetognt and deploy a rover there.
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This rover then explores the targets reachable from theingepbint. As soon as it has

nished exploring them, it returns to the meeting point. ur @xperiments, we assume a
limited number of rovers per carrier. This will lead to sifioas in which a carrier needs

to deploy a rover but has none available. The baseline apprtb&n requires the carrier

to rstretrieve a rover.

The baseline approach as described above closely resemlestic deployment
rules that have been applied in previous marsupial systbfugphy et al., 1999). Note
that the baseline approach could be improved by introdugioge complex reasoning.
For example, it could anticipate cases in which no roversasadable to a carrier and
then avoid assigning this carrier to targets that are ordghiable by rovers. This would
introduce additional state variables that the coordimesigstem would need to maintain.
In fact, this kind of reasoning would approximate a planmmgthod such as the one we
apply in our approach.

3.6.4. Results

An overview of the results obtained in the experiments i®giin Figure 3.10. It can
be seen that our approach explores the environment sigmtiycéaster than the baseline
method in all con gurations. By considering deployment amckgup actions explicitly,
our approach avoids long travel paths and detours that fesoi the pick-up heuristic in
the baseline. In addition, it uses its larger planning hwrito plan sequences of actions
while the baseline approach computes exactly one actiomgbat. Even though we
execute only the rst action in the sequence, robots ofterirma good initial position for
the next action.

Especially smaller teams of up to six robots pro t considdydrom our coordination
method. Larger teams can, to some degree, compensateierefies of the coordina-
tion when a good distribution in the environment is achiesed many targets can be
approached simultaneously. In the settings we evaluadtedetfect can be noticed when
more than three carriers are used. The number of robots fahwhis effect occurs
clearly depends on the structure and size of the environment

To evaluate the amount of unnecessary movement in largersteae evaluated a
further benchmark. We computed the exploration qualityediog to (Zlot et al., 2002)
as
Q

a d; (3.1)

i=1

Q:

>~

whereA s the total area of the environment ashadlenotes the distance traveled by robot
This measure can intuitively be understood as the averageesach robot explores per
movement.

The results given in Figure 3.11 show that our approach e=aaltsigni cantly higher
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Figure 3.10: Exploration time obtained with our approach compared to theadyathod in the
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Figure 3.11: Exploration quality in thef ce environment over 30 runs using two rovers per car-
rier. The higher the value, the better the coordination. The error baisatedhe
95% con dence intervals. Note that similar results were obtained fomtaeeenvi-
ronment.

exploration quality. Especially larger teams of robots @verdinated more ef ciently,
so that unnecessary movements are avoided. The reasoriomgrovement lies in
the larger planning horizon of our approach compared to #eelne. Our approach
anticipates future states of the system, especially théigo®f the robots, while the
baseline approach computes actions solely on the basis alitinent state of the system.
Avoiding unnecessary movements is a signi cant advantageswn since there usually
is a direct correlation between the distance traveled aagtwer consumption of the
vehicles. In this way, our approach will save resourcesrigeiateams.

3.6.5. Coordinated Disaster Recovery

To evaluate the performance of our coordination approadhendisaster recovery do-
main, we simulated teams of exploring and clearing robotsilé\the exploring robots
are able to visit mission targets, the clearing robots ale talclear blocked paths in the
environment.

Several environments have been evaluated and two of thadeecseen in Figure 3.12.
The rst environment is based on the Fort Sam Houston hdspitéhe following called
hospital map. It features long corridors and a large numbeyams. In our experiments,
a set of 15 mission targets and 18 blockades are placed twatithe building. The ratio
between the size of the environment and the maximum sensge & the robots is 27.05.
The second environment is based on the blueprint of a nupte&er plant (referred to
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Figure 3.12: Simulated environments in the disaster recovery experimeosgital (top) and
power plant(bottom). Mission targets are visualized by red dots, blockades are
shown as blue lines. Gray areas can not be accessed by the roboie drper-
iments, blockades were not known to the robots a priori but could betddtby
their sensors.
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as the power plant map). In this map, 13 mission targets anepgd around the two
reactor cores and the two control rooms. Paths are blockefilatations throughout the
building. The sensor ratio in this fairly large environmen§5.9.

We simulated teams of one to four exploring robots that acempanied by one to
four clearing robots. Simulated clearing robots and expiprobots have an identical
maximum sensor range and driving speed. The time to cleasckddle depends on its
size which can be determined by the robots using their sengar each team size, we
simulated 30 runs starting at random positions.

3.6.6. Baseline Approach

We compared our coordination approach to an ad-hoc exten$mcost-based coordina-
tion method. In this baseline approach, the exploring r®lao¢ assigned to mission tar-
gets using the Hungarian Method (see Section 2.3). Inaljtithis method assigns each
exploring robot to the closest mission target while avaydio assign multiple robots to
the same target. The assignment process is repeated whenevef the robots reaches
atarget, a path is sensed blocked, or a blockade has beeedclea

As soon as blockades are discovered in the environmentjraje@bots are assigned
to clear those blockades. This assignment is determinew tse Hungarian Method
based on the estimated travel time to the blockades. Notenthiae baseline approach,
the coordination of the clearing robots does not depend entission targets or the
assignment of the exploring robots.

3.6.7. Results

The results obtained in the evaluation of the disaster mgoexperiments are shown in
Figure 3.13. In théhospitalenvironment, our approach performed signi cantly better
in all simulated settings. By planning sequences of cleaaimdjexploration actions our
approach is able to minimize the time that clearing roboehspaiting for blockades to
be cleared.

Similar results could be obtained in tipewer plantmap. Due to the large extent
of this map and the random placement of start locationsetigea higher variance in
the overall runtimes. Using the pairédest (Hsu and Lachenbruch, 2007), however, a
signi cant improvement of our approach over the baselingragach could be shown in
this map, too.

It is worth mentioning that a signi cant improvement couldtrbe shown for all sim-
ulated team sizes in thgower plantmap when the number of blockades was reduced
by 20% and the team size was small (in our experiments: onerex@nd two clearing
robots). In this special case, the independent assignrhelgaring and exploring robots
using the Hungarian method provided comparable overalimaes (see Figure 3.14).



57

baseline approachz====

1 2 3 4

our approach——— 1

1 2 3 4

T
=
a7 M@
< )
N T 3
©°9o T%H
RITRRIIKL: R =
RS a5 By
— a
H < =]
e o &
=3
o 3° —Ee
@
e = e
N e
..T — .|T
o

BRI
= o260 % %%
BN

RIS
BRI

BRI

RIS

1 2 3 4

|

plantenvironment (bottom) for varying team sizes (number of exploring andintpa

robots). The error bars indicate the 95% con dence intervals.

result using the ad-hoc method in thespitalenvironment (top) and in thpower

3.6 Evaluation

— R
e = I
PRI <
R
=
L o™ —
—_, ]
N —f—
—F—
— e
20
O P - 1 1 1 1 1 1
_ o o O 0O 0O oo oo
o O o O O OO0 O o o
Ty, o N 4O &® N~ ©
(40] (@] < - -
m )
g
sdajs awi o) sdajs awin
[®]
3+

#explorers
Figure 3.13: Runtime until all mission targets are visited using our approadipared to the

#clearingrobotsl 2 3 4



58 CHAPTER 3: COORDINATING HETEROGENEOUSITEAMS OF ROBOTS

- baseline approachz=== |
1100 our approach——

1000

= ks o

700

time steps

——
——

600

500 + .
400

300
#clearing robots 1 2 3 4

#explorers 1

Figure 3.14: Time to visit all mission targets using our approach compared teghk using the
baseline method in thpower plantenvironment with 20% fewer blockades. The
error bars indicate the 95% con dence intervals.

The low number of blockades enables the baseline approasimfay clear all block-
ades independent of whether the exploring robot needs iaydartpath cleared. For this
reason, our coordination approach does not pro t from idit@hal lookahead and the
ability to plan sequences of actions to the same degree agd id the more complex
settings.

3.6.8. Planner Runtime

As TFD/M, the temporal planner used in our approach, cannataptee optimality, we
seek to determine close-to-optimal plans. To analyze tuetff between planner run-
time and plan quality, we simulated a recovery mission usitgam of three exploring
and two clearing robots in ti@pwer plantmap. In this experiment, the planner was given
a maximum planning time of 900 s and we measured the timeaptdn was generated
that was at most 5% worse than the best plan found until theatimnwas reached. The
experiment was performed on a 2.7 GHz AMD Opteron 2384 sysi&ng one core per
task.

The result of this evaluation is shown in Figure 3.15. It carsben that the number of
planning targets (exploration targets and blockades coehihas a dominant in uence
on the planning time. It can also be seen that for a team sizeeafobots the close-
to-optimal plan can be found in less than around 10s as longess are less than ten
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Figure 3.15: Average runtime until a plan is computed that is at most 5% wamséth best plan
computed until a timeout of 900 s is reached. For this evaluation, three exporth
two clearing robots were coordinated in th@wer plantmap.

planning targets. Note however that a feasible plan is st@aind much faster than the
best plan and in all our experiments, it was found within a Baning limit.
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Figure 3.16: Two robots cooperate to explore an area. The goal obbwtsris to explore the
area to the right. A narrow passage connects both areas but can kedlmcan
obstacle.

3.6.9. Real World Application

In this experiment, we applied our approach to coordinateah team of robots. The
team consisted of an ActiveMedia Pioneer 2AT equipped withiag laser scanner (the
explorer) and of a Telemax mobile manipulation platforne(thanipulation robot). The
goal of the robots was to explore an area which was reachatdegh a narrow passage
that only the exploring robot could traverse. The settingjustrated in Figure 3.16. In
our experiments, the passage could be free or it could bédblsy movable obstacles.
The explorer was able to detect such obstacles and to infleencdordination module
about the blockade. The manipulation robot was able to gitatgcted obstacles and to
remove them from the passage. Once the goal area was reagckisel dxploring robot,
it was explored by sweeping its sensor to acquire a 3D scarthenthission was then
considered completed.

We solved the coordination problem using the approach thestin the disaster re-
covery application in Section 3.5. A sequence of actionswhaa planned in a particular
situation can be seen in Figure 3.17. Here, the passage wtlslacked by an obstacle.
The obstacle was then detected by the exploring robot. Thedowtion approach as-
signed the manipulation robot to clear the passage. Afeepissage was cleared and the
manipulation robot moved to a waiting position, the expigrrobot was able to reach
the goal area and complete the task.
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Figure 3.17: Sequence of actions in real-world experiment. From a) T obstacle is detected
by the wheeled exploring robot, the obstacle is removed by the manipulatioty rob
the manipulation robot returns to its initial position and the exploring robottsage
the narrow passage. Finally, the explorer takes a 3D scan of the taeget a
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3.7. Related Work

When multiple robots explore an unknown environment thedioation strategy has the
biggest in uence on the performance of the system. Coorlinahethods for homoge-
neous teams, in which all members are equipped equally, lirsme studied extensively
in the past. In those cases, the coordination task is oftenuiated as an assignment
problem. Such approaches assign robots to exploratiorttabised on a suitable cost
measure.

Several methods have been presented to determine an assigofmobots to explo-
ration targets. Most methods determine targets by extrgquttie frontier between ex-
plored and unexplored areas. This target generation agipreas introduced by Ya-
mauchi (1997) who also proposed a decentralized multitrabordination technique
that assigns each robot to the nearest frontier (Yamau®B8)1 The drawback of this
coordination method is that several robots can be assigrihe same target.

To improve the overall performance, later approachesdited techniques to avoid
redundant work. Zlot and colleagues (2002) proposed aritacthre in which the ex-
ploration is guided by a market economy. They consider sempseof potential target
locations for each robot and trade tasks between the rolsatg gingle-item rst-price
sealed-bid auctions. Such auction-based techniques lsavieeen applied by Berhawt
al. (2003) to assign robots to bundles of targets so that syreffggts between targets
are exploited.

Burgardet al. (2005) presented an iterative assignment method base@ @stimated
cost of reaching a target. It additionally considers vigipiconstraints between tar-
gets. Koet al. (2003) and Stachniss (2009) presented algorithms thahesdungarian
method to compute the assignments of robots to exploradigets.

Heterogeneous teams of robots consist of robots with éiffieabilities. An early ap-
proach towards coordination of heterogeneous robot systiemng exploration was pre-
sented by Singh and Fujimura (1993b). In this approach, dhotis too big to pass
through a narrow passage, other robots are informed abigubgk. A further heteroge-
neous system was presented by Grabowski and Navarro-Se{2@€®). Coordination,
however, is performed manually in this approach.

Heterogeneous teams have also been studied in the RoboCupmdbatas concerned
with soccer-playing teams of robots. In this dynamic enwinent, most approaches
choose a decentralized coordination approach that rehethe sensing and reason-
ing ability of each individual robot (locchi et al., 2003; Ket al., 2005; Kiener and
Von Stryk, 2010). In this way such teams are more robust agastwork failures and
cumulative measurement uncertainty.

Whenever small robots with low traveling speeds or limited/@oresources are used
in a heterogeneous robot team, it is advantageous to hayer lesbots transport the
smaller ones to avoid a serious penalty in exploration timgosver consumption (Mur-
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phy et al., 1999). The larger carrier robots are frequemtgred to asnarsupial robots
One of the rst physical implementation of a marsupial syst@as presented by Mur-
phy et al. (1999) who also described ad-hoc methods to deploy the smalbot. Ka-
dioglu and Papanikolopoulos (2003) presented a furthesiphlyimplementation of a
marsupial system. Dellaest al. (2002) deployed a team of legged robots using a carrier
robot in a rescue scenario. Denner and Papanikolopoul@3)20esented a deployment
method for marsupial teams that explicitly considers posegstraints. In all of the pre-
viously described exploration systems, deployment amievetl of robots in marsupial
teams is determined by handcrafted methods. In contrakatpthe approach presented
in this chapter explicitly takes these symbolic actions extcount when coordinating the
exploration.

The approach presented in this chapter employs domain eémdiemt planning tech-
nigues to coordinate multiple robots. Domain independdsutrpng is a sub- eld of
arti cial intelligence that has been investigated thorblyg A classical planning problem
consists of a set of state-variables with nite domains,ratial state, a set of actions and
a goal condition. An action is de ned by a precondition arglaffects, which is a set
of variable assignments. A solution for a classical plagmiroblem is then de ned as a

nite sequence of actions that leads from the initial stata goal state. There exist sev-
eral ef cient planning systems for classical planning pgeobs (Bonet and Geffner, 2001;
Hoffmann and Nebel, 2001; Chen et al., 2006; Helmert, 2006htRicand Westphal,
2010).

In multi-robot coordination, actions need to be executattaorently and they usually
have variable durations. These temporal constraints ¢dorebandled by classical plan-
ning approaches and constitute a new class of problems. aBkeof nding solutions
to these problems is known as temporal planning and seviecedreg approaches have
been presented (Gerevini et al., 2008; Eyerich et al., 2008¢ predominant approach
of solving temporal planning problems is forward searctwisearch guidance function
using A or similar algorithms. Most approaches support the usageioferical state
variables. In contrast to binary and multi-valued stateades, numeric state variables
have an in nite continuous value domain. While numeric stateables lead to undecid-
ability even when used in a very limited form (Helmert, 20GRBgy are considered to be
of high importance when modeling real world domains.

While temporal planners generate sequences of abstramhgaatnost real-world appli-
cations in robotics require explicit motion commands tteat be executed by the robots.
For this reason, a number of approaches have been propaedtégrate other reason-
ers, such as motion planners, to generate low-level actidie work by Camboret
al. (2009) focuses on the integration of manipulation planmimty a symbolic planner.
Kaelbling and Lozano-Perez (2011) address the problemanfessor generation during
planning. They use so called suggesters that provide, fample, new motion paths
or goal locations. The work described in this chapter usegpthnner TFD/M (Dorn-
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hege et al., 2009), a variant of the temporal fast downwaadrphg system originally
developed by Eyericlet al. (2009). TFD/M provides a generic interface for the inte-
gration of external modules that compute the values of stat@bles, action costs, and
numerical effects during the planning process using solbgsses. By means of these
sub-processes, we combine temporal planning with patmplartraditionally used for
robot navigation and coordination.

Autonomous disaster recovery in partially known environisgas introduced in this
chapter, has not been studied in depth. An auction-basedioation method as well as
a method based on genetic algorithms is presented by &b@g2011). In their work,
they coordinate a simulated team of re trucks and bulldeZzeading to a coordination
problem that is similar to the disaster recovery domain ictemed in this chapter. In
contrast to our approach, however, blockades are assumsglknown beforehand. It
is unclear, how this approach can be extended to partiathykrenvironments. Koest
al. (2005) described an approach that employs mixed integeailiprogramming (MILP)
to coordinate a heterogeneous team in a search and resaaisceln this domain,
disaster victims need to be found and identi ed in a knowniemment. This task in-
volves assigning robots with different capabilities to eympiate tasks. Similar to our
approach, path costs between target locations are ekpliaken into account using a
robotic path planner. The static nature of the environmeniyever, allows all paths to
be pre-computed for the entire runtime. Such a pre-comput& not possible in the
case of partially known environments.

3.8. Discussion

In this chapter we presented a novel technique to coordheterogeneous teams of ex-
ploring robots. We assumed that to explore the environntaetyobots have to move
in the environment and additionally are required to exeagt®ns such as removing an
obstacle or operating an elevator. These so-called symhbotions stand in contrast to
navigation actions that move robots to a given goal positiarder to explore target lo-
cations. Our method integrates a symbolic temporal plapsystem and a robotic path
planner. This combination allows our system to considemmlag problems that include
symbolic actions. To coordinate a team of robots, we geaerayymbolic description of
the current state of the system and of the goal state. Theseipl®ons serve as input to
the symbolic planner. To solve the coordination problera,aymbolic planner uses the
path planner to ef ciently estimate travel costs for theatsh In contrast to cost-based
coordination approaches, our system is able to explicitiy fior the execution of sym-
bolic actions. Still, the use of action costs that are deiteethby the robotic path planner
allows us to generate time-ef cient solutions. In this wayr approach combines the
strength of cost-based coordination approaches with tkibilgy of symbolic planning
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systems. By planning symbolic actions explicitly, the syste able to take into account
actions such as manipulation actions or deployment aniévetrof robots.

The approach was implemented and evaluated extensiveisniriated environments.
We evaluated two distinct settings. First, we coordinaézarts of marsupial robots that
were able to deploy and pick up smaller robots. Second, welated a disaster scenario
in which the task was to clear blockades and to perform preedeactions at certain
critical locations in the environment. A similar settings\also investigated using a team
of real robots.

The experimental results demonstrate that our approacleffactively coordinate
large teams of robots and signi cantly outperforms hanfledhstrategies. In addition
to that, our planning framework adds a substantial degresxdfility to the system. For
example, additional constraints such as power constréntsdividual robots can be
speci ed by adding adequate predicates to the problem ghiger. Furthermore, other
symbolic actions such as recharging batteries or depl@engor nodes can be integrated
in a straightforward way.

3.8.1. Limitations of the Approach

The planning system described in this chapter generatgsoranplans for the robots
based on the current knowledge about the world. We do notrassumodel of the
unknown information and thus rely on an optimistic problesmfulation. While the
robots move, their state changes and new information ahewdrivironment is perceived.
Therefore, we execute the planning cycle (illustrated guFé 3.2) in a continuous loop.
The symbolic planer is implemented as an anytime algorittahdoes not terminate after
the rst solution is generated. It produces a potentiallpfamtimal solution quickly and
then improves upon this solution. If more than one soluttiound, we set the planning
timeout to 30 s. In the marsupial coordination setting, wadwated our approach with up
to 24 robots (6 carriers plus 18 rovers). For signi cantlsgker teams, however, the prob-
lem complexity increases substantially and the solutipored by the anytime planner
after 30 s may be suboptimal.

The exact problem size that can be solved close-to-opynral given planning time
depends on the structure of the problem and on the team size.eVialuation of the
planning time presented in Section 3.6.8 shows that thepbestvill usually be found in
less than 10 s when coordinating a team of ve robots in a tésascovery mission with
up to ten mission targets. Many real-world scenarios waldee a similar complexity.
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Chapter 4
Multi-Robot SLAM

4.1. Introduction

To move autonomously from one place to another a robot neddsoiv the layout of the
environment and this knowledge is typically encoded in a.nia@n integrated system,
it is advantageous that the map is generated by the robttiitsetraining phase. If the
robot knew its trajectory precisely, it could create a magnfrits sensor readings in a
straightforward way usinghapping with known pos€$hrun et al., 2005). Most robots,
however, cannot precisely determine their position witheomap. This codependency
of mapping and localization leads to the problem referredssimultaneous localiza-
tion and mappingd SLAM): The robot has to estimate both its trajectory and 3 &
the environment from sensor data. A large variety of tealesghas been proposed to
solve the SLAM problem. Extended Kalman Iters (Leonard &rant-Whyte, 1991),
sparse extended information lters (Thrun et al., 2004)apdr-based maximum likeli-
hood methods (Lu and Milios, 1997; Frese et al., 2005; Ols@h £2006; Grisetti et al.,
2007c¢), particle Iters (Montemerlo and Thrun, 2003), aesteral other techniques have
been applied. While ef cient solutions exist to approach $e\M problem with single
robots, the problem of SLAM with multiple robots has not riged the same amount of
attention.

In this chapter, we address the problem of mapping enviromsweith teams of several
robots. In the experiments presented in Chapter 2, thewelpbsitions of the robots
were known because the robots started from the same arehe Bpproach presented
in this chapter, we do not assume any such global pose essmabr do we require
robots to meet and recognize each other. Our approach treatsulti-robot SLAM
problem as an extension of single-robot SLAM and assume&®#Hth robot in the team
applies existing estimation techniques to solve a local ELgxoblem. To combine the
local estimates into one joint estimate, we have to detezrifia relative positions of the
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robots. Therefore, we need to solve a global data assatiptmblem that answers the
question: Which locations in the map of one robot corresporiddations in the map of
another robot?

Our multi-robot SLAM approach extends existing singleabBLAM solutions that
are based on graphs. These methods maintain a graph of radet pnd observations
and apply graph optimization algorithms to estimate thetrfiksly trajectory of the
robot given its observations. In our system, each robot éntélam initially creates an
independent pose graph. We then connect these graphs lbsnoete the relative trans-
formation between pairs of robot maps. Optimization of thatjgraph is performed to
estimate a globally consistent model.

We present two different data association modules for anolibt SLAM. Both ap-
proaches generate constraints that connect local SLAVhgrhpt they differ in the un-
derlying map representation that they use. Most mappingoagpes use either grid
maps or sets of landmarks to represent the environment. @tision which model to
use in a practical application is largely in uenced by thpdyof environment: In large
open spaces with prede ned landmarks, for example, fediased approaches are often
preferred, whereas grid maps have been widely used in whsted environments and
buildings. We present data association modules for both r@a@sentations. Our rst
method generates constraints between SLAM graphs by fgimgtistructural similarities
in grid maps of the environment. The approach is based oragMbnte-Carlo localiza-
tion: By localizing one robot in the grid map of another robetoebtain an estimate of the
relative transformation between both maps. These estinsa&tere as global constraints
that connect the SLAM graphs of the robots. The second dataciion approach is
based on maps of landmark detections. We analyze the eefadsition of landmarks in
the maps of each robot. To this end, we compute a triangulatidhe landmarks and
then identify matching triangles based on features thahaegiant to Euclidean transfor-
mations. Triangle matches are used to compute the relatimsformation between the
local landmark maps of the robots.

In our experiments, we evaluated both scenarios describedea outdoor environ-
ments that contain prede ned landmarks and structuredandovironments. To evaluate
our grid-based approach, we applied it to the problem ofisterstly mapping buildings
with multiple oors. An illustration of this application igjiven in Figure 4.1. In this
setting, each oor of a building is mapped independentlyha bthers. We apply our
approach to generate constraints between the resultiegp@mdient SLAM graphs which
are then used to estimate a globally consistent model ofdlmplete building. This prob-
lem can be considered a generalization of the multi-rob@&Mlproblem since the case
in which each robot maps parts of the same oor of a building special case of the
more general multi- oor problem. As we will show in the evation, our approach is
able to generate constraints between oors of buildings thadl it estimates maps that
are more accurate than those obtained with an approach dleatrbt consider global
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Figure 4.1: lllustration of inter-graph constraints in multi- oor building maps.ithAstandard
SLAM techniques the correct alignment of separate oor maps can noebeed
in general (top). Our multi-robot SLAM approach, in contrast, gensrat@straints
between the individual SLAM graphs recorded at different oors blidding. After
optimizing the graph, the individual oors are aligned correctly (bottom).



72 CHAPTER4: MULTI-ROBOT SLAM

constraints. The landmark-based approach was evaluatbd gontext of large outdoor
environments that contain prede ned landmarks. In our grpents, we detected poles
and tree trunks from laser data. We applied our method towedd and simulated
datasets and the results of the evaluation show that the@agpis able to robustly align
landmark maps of multiple robots.

This chapter is organized as follows. After introducing gneph-based SLAM tech-
nique we apply in our approach, we present the grid-baseal akstociation approach
in Section 4.3 and the landmark-based approach in SectbnT4e evaluation of both
approaches is presented in Section 4.5 and Section 4.6teghe Finally, related work
is discussed in Section 4.7.

4.2. Graph-based SLAM

The graph-based formulation of the SLAM problem, as intcstlby Lu and Mil-

ios (1997), maintains a graph of poses. In this pose graptsahof node¥ consists of
robot poseg; and the set of edgds represent spatial constraints between these poses,
where each edgéjj 2 E encodes a constraint between two paggand p;:

G=(V;E) (4.1)
V="Ffpg;i2f1, ;ng (4.2)
E=fdjg; ;i2f1, ;ng: (4.3)

Usually, the poses in the graph approximate the trajectityeorobot and the constraints
are computed from the robot's odometry and its sensor measnts. Both types of
observations are af icted with noise in realistic scenarid-or this reason, we store an
information matrixWj; along with each constrairt;; that expresses the uncertainty in
the observation.

The goal of SLAM often is to create a map of the environmentgdioerate a map, we
assume that a sensor measurenzeigt associated with each node in the pose gmph
By applying mapping with known poses, we can then compute abasgd on the poses
in the SLAM graph.

In the graph-based formulation, the SLAM problem can beddigliinto two indepen-
dent sub-problems: First, one has to construct the posé dram the data of the robot
by generating poses and constraints. In the second steghenéhas to estimate the
most likely con guration of poses given the constraints.eTtst part of the problem is
usually referred to as the SLAM front-end, while the optiatian part is referred to as
the SLAM back-end.
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4.2.1. SLAM Back-end

The SLAM back-end seeks to nd a con guration of the nodes e tpose graph
G =(V;E) that maximizes the likelihood of the observations. Most $8LRack-ends
do not use the posa&&directly but compute a parameterizatiwby applying a bijective

mappingg(V):

x= g(V) (4.4)
X=(X; %) (4.5)

The parameterization is speci ¢ to the SLAM back-end, ourkvapplies the approach
of Grisettiet al. (2009) which is based on a tree parameterization.

To derive an optimization criterion for pose graphs, let askl at a single con-
straintdj 2 E and its information matri¥Vjj. Without loss of generality, we assume
that dji expresses an observation of nodas seen from node Let fji(X) be a func-
tion that computes a zero noise observation according toutrent con guration of the
nodesj andi in the pose graph as expressedxbyJsing this noise free observation, we
de ne the error introduced by a constraint as

gi(¥ = fji(X) dj (4.6)
and the residual is de ned as
i = eji(x): (4-7)

In an error free pose graph, both the error and the residumtohstraint are zero, since

in this casef;i(x) equalsd;i. To optimize the complete pose graph we need to consider
the error of all constraints. LdE be the set of pairs of indices for which a constraint
exists

C= f(j;i)j d 2 Eg: (4.8)

Maximum likelihood approaches, such as the one we apply irs@dM system, maxi-

mize the likelihood of the observations by minimizing the@gative log likelihood. As-

suming the constraints to be independent and the obsamatior to be Gaussian, this
can be written as

x =argmin & r;i(¥)" Wjiri(x): (4.9)
X (jn2C

To solve Equation (4.9), various techniques have been geap(Duckett et al., 2000;
Frese et al., 2005; Konolige, 2004; Lu and Milios, 1997; @lsb al., 2006). The ap-
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proach of Grisettet al. applies stochastic gradient descent to compute the mady lik
con guration of the nodes in the network. The problem of opzing the graph is divided
into a set of sub-problems by iteratively optimizing themrdor individual constraints.
For each selected constraumft the con guration of the nodes in the pose graph is mod-
i ed in the direction of the residual;i (x), thereby decreasing the ermr(x). For more
details on the optimization step, we refer the reader to thikwf Grisettiet al. (2009).

4.2.2. Extension to Multi-Robot SLAM

So far, we assumed that the poses in the graph were generatedhfe trajectory of a
single robot. When several robots are used in a distributseésy an independent pose
graph is generated for each robot. SLAM graphs are considadependent when no
constraints exist that connects nodes from one graph tosnoidanother graph. Such
a situation can occur in different scenarios, for exampleernvmultiple robots map an
environment and their relative positions are unknown orme same robot maps dif-
ferent parts of the environment in several runs and the itranetween runs is lost.
Both settings are essentially equivalent as long as the sdatngenerated in either case
are comparable, that is, a similar sensor was used in a sisg@tap. In the rest of our
description we will assume that multiple robots were usegketeerate the data. However,
the technigues we will present can be applied to both cases.

There exists a straightforward extension of the graph SLAdraach to the multi-
robot case. In a multi-robot mapping system, each individolaot maintains a local
pose grapl; = (V;; E;), where the SLAM front-end of each robot generates congsrain
between poses . To compute a solution to the multi-robot SLAM problem, thdit
vidual pose graphs need to be connected by further intgragranstraints. Finding such
constraints is the task of a multi-robot SLAM front-end. e following we present two
different multi-robot SLAM front-ends: the approach pnetsal in Section 4.3 is based
on grid maps while the approach given in Section 4.4 usesiankimaps.

4.3. Front-End for Multi-Robot SLAM based on Grid
Maps

In this section, we will rst present a SLAM front-end thatmgrates pose graphs based
on the laser range data of a single robot. We will then presdathnique to generate
constraints between SLAM graphs of several robots thabpad global localization in
grid maps.
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4.3.1. SLAM Front-End for Single Robots

We assume that sensor data are generated by a mobile robptdhiaes odometry infor-
mation and that is equipped with a laser range nder. As th®tdraverses the environ-
ment, a number of laser measurementto z are obtained. To construct a pose graph,
we rst align the laser measurements using a gradient dédsed scan matcher that
takes the odometry of the robot as its initial guess (Grisétal., 2007b). Then we add
a nodep; to the pose graph for every measuremgniThe pose of these nodes is deter-
mined based on the result of the scan matching procedure.cdwsecutive nodes are
connected by a constraiofj that expresses the relative 2D transformation between the
posesp; andp;. The information matri¥Vj; associated with the constraint is determined
using the covariance matrix returned by the scan matchingpode- the information
matrix is given by the inverse of the covariance matrix (@lsbal., 2006).

In addition to constraints between consecutive nodes, elefse constraints that result
from loop closures, that is, when the robot revisits presipmapped areas. We look for
such loop closing constraints when we add a new node to treegraph by considering
existing neighboring nodes.

4.3.2. Inter-Graph Constraints from Grid Maps

We generate constraints between independent SLAM gréph® G, by computing
grid maps from the graphs and then identifying similariireshose maps. To identify
structurally similar areas, we use a global localizatioriirad based on the Monte-Carlo
localization (MCL) approach (Dellaert et al., 1998). MCL e&sdtes the distribution of
the robot pose¢ in a mapm at time stept given all previous measuremerts; and
actionsuit 1:

P(X ] z1t;U1e 1, M) z (4.10)
hP(zjx;m PMjw 1% 1) P& 1]zt 1uix 2;m) dx 1

Here, the ternP(Xx: j Uy 1;% 1) is referred to as the motion model aRf j x;; M) as the
sensor model whilé is a normalizer which ensures tH(tx; j z1¢; U1t 1; M) sums up to
one. For all quantities, we use the standard models desanl@hrun et al., 2005).

Our method to generate inter-graph constraints is sumethiiz Algorithm 3. The
algorithm is initialized by choosing a reference gr&iky = ( Vief; Eret) randomly among
the set of pose graphs. The reference graph serves as a caefier@mce frame in which
constraints can be expressed. Global localization is pegd in the map computed from
Gref and the sensor observations associated with the remairapds)

The localization approach is implemented using a partitter. To start the global
localization, its particles are initialized uniformly ihd freespace of the reference map.
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Algorithm 3 Constraint Generation Using MCL

Input: fGy1; ; Gpg; independent graphs
Output: G; connected graph

1: ref  randon{l; ;n)
2. Mg MapWithKnownPos&er)

3: forall Gi2fGy; ; GhgnfGerg do
4 G 0

5. for k= 11t0jG;jdo

6: /I check for convergence

7 if X  MCL(Myef; Zek+g) then

8: k k+d

9: |  computeMeasurementLikelihotay)
10: if (> |™Minthen

11: g ndNearestNeighbiGef; X)
12: c computeConstraifd; px)
13: G=GIf cg

14: end if

15: end if

16: end for

172 G RANSAC(G)

18: end for

19: G mergeGraph$Gy; ;GhgfG; ; Go)

The algorithm then replays a sequencel @bservations stored in grah and updates
the particle Iter accordingly. The sequence should be lengugh to allow the particle
Iter to converge, in our experiments we usdd= 40, but this value certainly depends
on the sensor model and on the density of the graph. After leaatization trial, we
check whether the Iter has converged to an uni-modal distron. This is achieved by
verifying whether 99% of the probability mass is conceriah a small prede ned area,
in our implementation we set this area to a circle with a radii0.5 m.

When the global localization step converges, we obtain a pssmatex in the refer-
ence mapnes. This allows us to compute a constraint between the ppg@s G; and
posex but x will in general not be equivalent to a pog& G in the pose graplbyes.
For this reason, we search for the pap2 G, with the smallest distance to the pose
estimatex computed via MCL.:

g= argminjx pj: (4.11)
P2 Vret

After determiningg, we compute a constraint between the gra@hs and G; as the
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relative rigid body transform between both poses

c=qp* (4.12)

In principle, one could now add the inter-graph constratntshe pose graphs and
connect the independent graphs. However, the proceduresvelgscribed is likely to
generate outliers since structurally similar areas mastéxidifferent parts of the build-
ing. Consider, for example, two corridors with an identiGatdut that are located on
the same oor of a building. When two robots map this buildimglaach of the robots
maps one of the two corridors, a false constraint between tatridors may be gener-
ated. Adding such false constraints to the SLAM optimizagoocedure that computes
the global map is likely to lead to a catastrophic failure (Rtbet al., 2011). In contrast
to that, it is typically not critical to omit a correctly idared constraint. Therefore, we
perform two tests to reduce the risk of adding wrong cornstsali

The rst test considers the sensor measurement likelihobdzined when evaluating
the sensor model. Let us assume that the Monte Carlo lodalizapproach usds parti-
cles to estimate the pose distribution given in Equatiohd(.When the Iter converges
to a pose estimate in Algorithm 3, we compute the averageredisen likelihoodI of
measuremerty over allN particles as

A

P(zg j X'D; meer); (4.13)

Z| -
Qo=

=1

wherex()) denotes the pose hypothesis of partigcle

High values of indicate that the measurement can be explained well by tipenma
while low values indicate that the particles may have cayeeto a position that does not
correspond to a likely pose in the map. Thus, we use a heutistshold criterion and
accept the corresponding constraint as an alignment hgsistﬁf> |Min otherwise we
reject it as an outlier. The threshdld™ can be learned by evaluating the sensor model
for localization while building a grid map from the currerdse graphG;. If | exceeds
the threshold, the alignment hypothesis added to a candidate 96t Then, the Iter
is reset and the procedure is restarted.

While a correct localization will result in high observatibkelihoods, the converse
Is not true in all cases. Pose estimates that lead to a higimai®n likelihood do not
necessarily correspond to a correct association of magiqgasi Just by chance, two
structurally similar areas may exist in the same buildind arfalse constraint would
possibly be generated between them. To remove such outlensthe set of alignment
hypotheses, we apply the random sample consensus (RANSA®jtlarg (Fischler and
Bolles, 1981) on the candidate s€s RANSAC is an iterative algorithm that estimates
parameters of a model from a set of observed data that ceraaitiers. In our system,
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the model corresponds to an alignment of pose graphs whitlhealescribed by a pla-
nar translation and rotation around the vertical axis. gsire RANSAC notation, the
alignment hypotheses i serve as observations of this alignment. RANSAC will then
determine the maximum set of consistent inter-graph caims$:.

Once a consistent set of inter-graph constraints is foursdg@nerate a joint SLAM
graph from the individual SLAM graphs and the constraintlisToint graph serves as
input to the SLAM back-end which then optimizes the overaldel. Note that the mini-
mal amount of inter-graph constraints that is necessargn@ctly map the environment
depends on the input data. Under the assumption that thedodl graphs are consis-
tent, a single constraint would be suf cient to align two gina and RANSAC would not
have to be used. In practice, however, measurement noisedamletry errors lead to
erroneous local constraints in SLAM graphs. For this reasoncurrent implementation
requires at least three constraints to be found for eacthgrap

Inter-graph constraints do not only align individual posapins but they also mitigate
estimation errors in graphs and lead to a globally more steisi model. Intuitively,
when the same area is mapped correctly in one graph but eusne another, inter-
graph constraints will improve the overall model. We willayate this effect in our
experiments in Section 4.5.5.

4.4. Front-End for Multi-Robot SLAM based on
Landmark Maps

In the previous section, we presented a multi-robot SLAMtrend based on grid maps.
In this section, we present an algorithm that is based ombankl maps. We de ne a
landmark as a physical object that can be detected usingsarsen a mobile robot. We
assume that the sensor provides range and bearing meastsegiative to the current
pose of the robot and that a planar 2D representation is muftdo map the landmarks.
Real-world examples of such features include tree trunk laosts, doors and windows,
corners of walls, road signs — in short a landmark can be amcokthat is detected
reliably and that describes a position in the environment.

The single robot SLAM front-end in the landmark-based apphois similar to the
one presented in Section 4.3. We generate nodes in the pagle fyjom the trajectory
of the robot. Range and bearing measurements of landmarksosesl in measurement
vectorsz associated with the posgs. Whenever the same landmark is detected from
two different poses, a constraint is computed between thoses and added to the graph
as an edge. This step involves a data association problemge®deto identify previously
measured landmarks. When landmarks can be uniquely idehtf@ example when
they carry unique markers, this problem can be solved tiyvitn our approach, we do
not require unique identi ers but we assume that a goodahguess of the position of
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a landmark can be computed from the pose graph and that if Gesu to search for
matching landmarks in a neighborhood around the initiaepd%is assumption holds in
many realistic scenarios, such as our real-world expetisnaresented in Section 4.6.

4.4.1. Triangle Map Matching

In a distributed system, one pose graph with landmark measemts is created for ev-
ery robot. To connect multiple SLAM graphs, we associatdiaarks detections stored
in one graph with landmark measurements in another graphadsfeme that the rela-
tive transform between the graphs is initially unknown,réfiere we cannot associate
landmarks based on pose information alone. Instead, wea@enandmark maps from
each graph and analyze the relative position of the landsnarkhe maps. To this end,
we compute a triangulation of landmarks and then identifyctmag triangles based on
features that are invariant to Euclidean transformations.

In general, a unique transformation between two planar mg@hdm; can be com-
puted from two point correspondences (Booij and ZivkovicQ20 A naive approach
would therefore randomly choose, without replacement,lamdmarks fromm; and two
landmarks fromm;, compute the corresponding transformation and verifpiteikample,
by counting the number of matched landmarks after apphhegransformation. Unfor-
tunately, this approach is intractable even for moderadedgd landmark maps. If we
assume that both maps consist\ofandmarks, then there aN? pairs of landmarks in
each map and a total & possible matchings to verify.

To avoid the combinatorial complexity associated with thve solution, we compute
a set of geometric features from the landmark maps. Thet&ésaallow for the ef cient
generation of correspondences by guiding the search fazheast Instead of matching
landmark maps directly, our approach computes a Delaumaygulation of the land-
mark positions in a map. Given a set of points in the plane, @algorithm determines
a triangulation such that no point in the set is inside theurircircle of any triangle.
The Delaunay triangulation is known to be unique if the poite ingeneral position
that is, no more than three points lie on a circle. The tri¢aigan can be computed in
O(nlogn) (Lee and Schachter, 1980).

Our approach is summarized in Algorithm 4. In general, tigpadhm matches every
pair of two pose graphs, but for the sake of clarity, let usiassin the following descrip-
tion that there are exactly two grap@g andG,. We rst compute their landmark maps
and then obtain two sets of triangl&s and Ty using the Delaunay triangulation. A set
of features is computed for each triangle to guide the sdaratorresponding triangles.
Since we want to recover an Euclidean transformation betweéh maps, these features
need to be invariant to Euclidean motion. We compute the dumiamgle edge lengths
and the area of the triangles. For each triangleith edge lengths,;, bj, cj we compute
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Algorithm 4 Constraint Generation Using Triangulation

Input: fGy1; ; Gpg; independent graphs
Output: G; connected graph

1: // pre-processing step
2: forall G;2f Gy; ;Ghgdo

3 my computeLandmarkM&|&;)

4:  Ti=ft;jg DelaunayTriangulatiofmy)

5./l compute triangle features

6: forall trianglest;;; 2 T do

7 Il &;;j; bi:j; ci;j are the edge lengths qfjt

8 fij @it bij+ G

9: fi;zj s(s a;j)(s bij)(s cij);s= %fi:;Lj
10: end for

11: end for

12: /I graph matching step

13: for all map pairgT;;Tj); i;j2f1, ;ng;i> jdo
14:  for all triangle pairgt;.c; tj:); tix 2 Ti; tj; 2 Tj do
15: s= O exp( fik fm)z)

m2f 1,29
16: if s< t then
17: ¢ computeConstrai(t;;t;:)
18: Gj= Gilf cg
19: end if
20: end for
21 G, RANSAC(G;))

22: end for
23: G mergeGraph§Gy;  ; Gng;fG.j0)

those features as:

]

fl= 3j+ bj + ¢ (4.14)
1
f2= (s a)(s bj)(s ¢j);s= éfj1 (4.15)

J

Both features are invariant to translation and rotation. Jéteof correspondencés;
betweenl, andTy is de ned as

Ca;b = f(taty) jta2 Tajty 2 Tp; S(tasty) < tQ; (4.16)

wheret is a threshold on the (dis)similarity of two triangles thagiven by

Staito) = Qexpl(fh  T)?): (4.17)
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Figure 4.2: Matching of landmark maps. Left: two sets of landmarks (whitg dotsvisualized.
Their Delaunay triangulations are shown as blue and red lines while thel&riesig-
ters are depicted by black dots. Matching constraints between two of thglésan
shown in green, de ne an alignment of the landmark maps. Right: corredajiyeal
maps.

Since the ordering of the triangle vertices is unknown inegah we use only the
center points of the triangles to compute the transformagiod hence need to nd at
least two triangle correspondences. An illustration ofrtfeching process can be seen
in Figure 4.2.

The set of correspondencesy, will in general contain outliers since the geometric fea-
tures described above allow for some ambiguities. For gasan, we apply RANSAC
on G to eliminate outliers. RANSAC is an iterative algorithm tlestimates parame-
ters of a model from a set of correspondences. In our systeaxmodel corresponds to
the transformation,, between the graphS, and Gy which can be described by a pla-
nar translation and rotation. Following the standard RANSAgbrithm, we determine
tap Dy repeatedly sampling two correspondences ffggp and returning the model that
maximizes the number of matched landmarks.

The complexity of the matching algorithm is dominated bytti@ngulation, the search
for matching triangles, and the RANSAC veri cation step. bbdie the number of land-
marks in a map, for simplicity we assume that every map costan identical number of
landmarks. As stated above, the Delaunay triangulatioraf@snplexity ofO(nlog n).

It can be shown, that any triangulationmpoints results in less thar(2 1) triangles,
so the number of triangles can be asymptotically approx@chéatyn. To alignn trian-
gles of one map ta triangles in another map, we search for matching featuré&sjua-
tion (4.16). The naive implementation given in AlgorithmekésO(n?) comparisons. In
practice, however, the search can be implemented usingeet cata structures such as
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hash tables or search trees resulting in an asymptoticgazemamplexity ofO(n) for hash
tables and(nlogn) in the case of search trees. The complexity of RANSAC depends
on the cost of verifying a model and the number of iteratidisverify a transformation
between two maps, we need to transform every landmark positione map and count
the number of matched landmarks in the other map. This s@eftbre has a computa-
tional complexity ofO(n). The number of RANSAC iterations can be determined based
on the outlier probability and is a constant small value. dWerall average asymptotic
complexity of matching two maps is therefd@¢n log n).

4.5. Evaluation of Grid-Based SLAM Front-End

We evaluated both approaches presented in the previousrseasing several real world
datasets as well as simulated data. The experiments agnddsio show that the pro-
posed approaches are able to generate inter- oor contgrand in this way enable con-
sistent mapping in a distributed system.

The grid map based approach was evaluated in the context bif oar building
mapping. Here, one or more robots map each oor of a buildnagpendently and the
relative transformation between individual oor maps isased to be unknown. We
assume that individual oors of a building show structurahgarities. Most real-world
buildings meet this requirement since oors share stradtalements such as stairways,
elevators, or corridors. We apply the data associationigale we introduced in Sec-
tion 4.3 to align maps of several oors. Our method generatasstraints between the
oors and these constraints are then used to estimate astensimodel of the complete
building. Furthermore, we also evaluated whether the dverapping error is reduced
and to what extent mapping errors in one of the oors can beected using the maps of
other oors. All real world datasets were recorded using@éer2 robot equipped with
a SICK LMS 291 laser range nder.

4.5.1. Mapping a Typical Of ce Building

In this experiment, we mapped an of ce building that corsstdtfour oors with a similar
layout. The dataset was recorded in building 106 on the ctosnmecience campus in
Freiburg which is depicted in Figure 4.3. The oors differ mlg in the area around the
staircase (left side of the oor maps) but are virtually itleal in the area around the
elevator (right side of the maps). Smaller differences am®duced by open doors and
furniture.

We applied Algorithm 3 to generate constraints betweendhbeihitially unconnected
pose graphs. The joint building graph was then optimizedgusiie SLAM back-end
presented in Section 4.2.1. From the corrected SLAM graghgenerated grid maps of
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Figure 4.3: Building 106 on the Freiburg computer science campus.

Figure 4.4: Grid maps of each oor of building 106. The maps were aligraesg on inter-graph
constraints that were computed by our approach.
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Figure 4.5: Overlay of the four oor maps of building 106 after alignment.

each oor, the result can be seen in Figure 4.4. By visual iospe of the overlay of all
four maps given in Figure 4.5 there is no apparent alignmeat.e

4.5.2. Mapping Long Corridors

A more challenging dataset was recorded in building 051 eréimputer science campus
in Freiburg. Each of the three oors of this building essalyi consists of two long
corridors meeting at an elevator in the middle of the bugdiwith all of ce doors closed
the elevator area and a staircase on either end of the hyildi® the main structural
features. Using the proposed approach, constraints werelfm those salient areas
and a correct alignment was obtained. In Figure 4.6 two othihee aligned oors are
depicted in a three-dimensional illustration.

4.5.3. Building with Few Structural Similarities

To explore the limits of our approach, we mapped a buildingseéh oors have very few
visible similarities. Building 101 on the computer scieneenpus in Freiburg features a
modern architecture with large glass constructions, sger€i4.7. Its three oors do not
share a lot of structural features, the only exception bamglevator shaft and a short
corridor leading to the restrooms.

The MCL-based approach successfully generated inter- oastraints in the similar
areas around the elevator but failed to generate furthestnts in other parts of the
building. For this reason, the alignment achieved for tlaitadet is not as good as in the
previous experiments. A small but noticeable rotationaedreiemains and can be seenin
the overlay of two of the resulting oor maps depicted in Hig4.8.
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Figure 4.6: 3D visualization of two correctly aligned oors of building 0510 illustrate the
alignment, occupied cells found in both oor maps have been connecteddsy lin

4.5.4. Quantitative Evaluation Using a Simulated Building with Ten
Floors

To quantitatively evaluate the alignment obtained usingamproach, we created a virtual
dataset consisting of ten oors taken from a real world deita®o this end, we extended
the dataset of building 106 recorded in the rst experimehhe top three oors were
duplicated twice while the rst oor was used once only. A Gzsian rotational error
was added to each oor graph to simulate pose uncertaintysacoors. The standard
deviation of 0.2rad relates to the rotational error obsgnveexperiments in which a
robot entered an elevator, turned on the spot, and left thatdr again. The graphs of
the individual oors without connecting constraints as laad the merged and corrected
graph generated by our approach are shown in Figure 4.9.

To analyze the alignment error, we manually selected the asr as the reference
oor and aligned each of the following oor graphs againsuging our approach. By
choosing the reference oor in this way, an unrealistic a¥g is avoided since match-
ings between virtual, duplicated, oors are not consider€de graph optimization was
then carried out with and without considering the interr@onstraints generated by our
system. We manually determined the correct alignment ofdbes and computed the
deviation of this to the alignment obtained by the SLAM agmtoes. The experiment
was repeated nine times.

Figure Figure 4.10 depicts a statistical analysis of thalteg alignment error. From
the average error and the con dence intervals it can be desnusing inter- oor con-
straints signi cantly reduces the alignment error of thers and therefore improves the
overall model of the building.
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Figure 4.8: Result of our SLAM approach applied to the building 101 datak®p: two oor
maps of building 101 with few similarities. Bottom: overlay of the oors with align-
ment found by our approach. The blue arrow indicates a minor inconsjsten
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Figure 4.9: SLAM graphs of a simulated building with ten oors. Left: Floorgins before
alignment. Right: A merged graph has been computed and each of the aphgr
has been correctly aligned against the reference oor.
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Figure 4.10: Average alignment error with con dence intervals accgrdina t-test with 95%
con dence computed for 9 different experiments aligning 10 oors each
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4.5.5. Correction of Systematic Mapping Errors

In this experiment, we evaluate to which extent our apprageble to correct systematic
sensor errors in one of the pose graphs based on informatitreiremaining graphs.
Such errors may, for example, be induced by lighting coodgiin the case of vision
sensors or by long, featureless corridors in the case aftaege nders. To evoke such
an error, we simulated an environment based on the map afibgi051 that consists of
two different corridors with a length of 130 m as depictedigufe 4.11. Floor A features
a similar geometrical structure as the original building nas extended by copying
parts of the corridors. Floor B is identical to oor A with thexception that it does not
contain any signi cant structure within the corridors. Hewer, both oors still share the
unmodi ed elevator area and the two staircases that arept@s the original map.

The standard SLAM front-end was able to generate a consistep of oor A. The
featureless corridor of oor B, however, posed a problem ®gsban matcher. The max-
imum measurement range of 30 m was not suf cient to measuuetsrally salient re-
gions or the limiting walls at the ends of the corridor at aftés. For this reason, the
corridor of oor B was shortened by the scan matching procedieading to a shortened
corridor in the resulting map, see Figure 4.11c. This is asipeffect of short range
proximity sensors (Stachniss et al., 2008). We measuredrtie in the corridor length
over ten runs of the experiment. On average, the shortemmoyated to 14.2% of the
original length, corresponding to a length of 18.5m.

Our MCL-based approach was able to nd inter-graph condisaan the structurally
identical staircases at both ends of the simulated oorsn@ythose constraints and the
oor graphs of oor A and oor B, our approach was able to geniera merged graph
of both oors. The resulting map of oor B can be seen in Figdrd1d. The average
residual error in length was reduced to 5.8%, corresponif’gb m. This improvement
is signi cant according to a t-test performed with a con aenlevel of 5%.
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Figure 4.11: Simulated building with long corridors. a: Simulated oor A, b: sirredaoor B

with few structural features, ¢: oor B mapped using the standard agbravithout
inter- oor constraints. There is an average error in length of 14.2%labr B after
applying our approach. The average remaining error in length is rddace8%.
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4.6. Evaluation of Landmark-Based SLAM Front-End

We evaluated our landmark-based multi-robot approachyusilarge simulated dataset
and a dataset created by three real robots. The experimergsiesigned to demonstrate
that the approach is able to create constraints betweenpieytose graphs in realistic
scenarios. We furthermore evaluated to what extent the naphimg is in uenced by
the overlap of the individual maps.

4.6.1. Real World Experiments

To evaluate our approach under realistic conditions, wépaed experiments using a
team of three real robots that can be seen in Figure 4.12. eme tonsisted of an Ac-
tiveMedia Pioneer2, Pioneer2 AT and a PowerBot, each eqdipte a SICK LMS 291
laser range nder. The experiment was conducted in the pgrlot of the computer
science campus in Freiburg. The robots were manually stélbreugh the environment.
Feature measurements, consisting of distances and bgacaige from a pole detector
and were lItered to remove false detections, such as the dégbe operators. Since
the parking lot does not contain a suf cient amount of dedbtd features, a number of
arti cial landmarks (poles) have been placed there adddily. We used poles with a
diameter of 15cm and a height of about 100 cm. We conducteduws in which the
robots were steered for about 20 min. An overview of the paykot and the landmarks
as well as the trajectories of the robots during the rst rsigiven in Figure 4.13. In the
gure, the locally consistent trajectories returned bygsearobot SLAM were manually
aligned using our background knowledge about the setting.

To estimate a consistent model that considers all robotdragies, we applied the
DDF-SAM approach by Cunninghaet al. (2010) to perform local SLAM and graph op-
timization. To optimize the individual pose graphs, thipagach uses an improved ver-
sion of iISAM (Kaess et al., 2008) that enables real-timeqgrarance (Kaess et al., 2010).
The global pose graph was optimized using the Georgia Tedo8nmg and Mapping li-
brary (Georgia Tech Research Corporation, 2010). Constiz@ttgeen pose graphs were
generated using the triangulation-based map matchingappipresented in Section 4.4
where the triangulation was computed using the Trianglafp(Shewchuk, 1996).

The result of the real-world experiments are shown in Figuiel. Depicted are the
merged maps of both runs in a globally consistent frame. Naoamp-truth information
was available in the experiments, but from visual inspectibe global landmark posi-
tions are consistent with the landmarks in the environmé&hé alignment computed by
our approach cannot be differentiated from the manual alegt shown in Figure 4.13.
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Figure 4.12: Robots and one of the landmarks used in the experiments

4.6.2. Simulated Victoria Park

To quantitatively evaluate our landmark-based map magcapproach, we simulated a
large outdoor environment based on the popular Sydney NaédRark dataset recorded by
Guivant (2001). This dataset consists of laser-range data@hicle odometry, recorded
in a park with sparse tree coverage and spans across an aoggbly 300m 300m. To
evaluate our multi-robot SLAM approach, we recorded sitealdrajectories and corre-
sponding laser range measurements in a simulation of tkisoement. The simulation
is based on the map estimate of Kaessal. (2008) that consists of the positions of 140
individual tree trunks. From the trunk positions we gerestad grid map with a resolu-
tion of 0.1 m and simulated a robot that traversed this mapgugie CARMEN Robot
Navigation Toolkit (Montemerlo et al., 2002). Twenty trefieries were recorded start-
ing from different positions in the map and then traversimg ¢nvironment in a round
trip. Sensor and odometry noise was not considered in thelaiion, the only source of
error was a slight synchronization offset of trajectory aedsor readings. In this way,
we were able to evaluate our map matching technique indepgligdrom in uences of
single-robot SLAM. An overview of the simulated data is sindw Figure 4.15.

We considered all unique pairs of the 20 trajectories, sdah o 190 pairs were eval-
uated. Each experiment was repeated three times since th&R@Mpproach includes
random sampling. From the simulated laser measuremenextngcted range and bear-
ing landmark detections and we estimated the position afrtearks using Kalman |I-
tering. For each pair of trajectories, we generated landmaaps in intervals of 5s
simulated time. We then applied our landmark-based maphmgt@approach to com-
pute a relative transformation between the maps. In thosescahere one trajectory
was longer than the other, the nal map of the shorter trajgcivas used multiple times.
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Figure 4.13: Parking lot with landmarks (top), an aerial view of the parksgmiddle), and

grid map of the environment with overlaid trajectories (bottom left). Aerial image
courtesy of Google Maps, Copyright 2008, DigitalGlobe.
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Figure 4.14: Result of parking lot experiment. Shown are the optimized twaijes of the three
robots (colored red, green, and blue) and the landmark positions YblBu& upper
gure shows the results of the rst run while the lower gure visualizes tkesult of
the second run.
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Figure 4.15: Simulated trajectories in the Victoria Park landmark dataset. 20ediffrobot tra-
jectories (red) and corresponding landmark measurements (greestjoava.
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Figure 4.16: Average translational error of pairwise map alignmentsr Bars correspond to the
standard deviation.

As a measure of matching quality, we determined the erroistadce and in rotation.
Furthermore, we computed the overlap of the maps in termseo&bsolute number of
overlapping landmarks. The overlap was determined basdbeoabsolute position of
landmark measurements that were available in the simalatio

A total of 100.608 matching trials were performed. Of thasad, 83.828 pairs of
maps generated the minimum number of two consistent taogirespondences and
were considered in the following evaluation. The resulésgaven in Figure 4.16 and Fig-
ure 4.17. The plots show the matching error in relation tontlag overlap. For the sake
of clarity, we computed the mean error and standard dewidipranges of overlap val-
ues. It can be seen, that our approach was able to correjfiyrmhps when more than
50 landmarks were shared between both maps, which corrdsporess than half the
total number of landmarks. In fact, the average translatierror for an overlap of 50
to 59 landmarks is 0.3 m which is the width of three grid cellshe simulated map, or
0.1% of the map width. When all 140 landmarks are used to cagrthetalignment, the
average error drops to 0.04 m. The rotational componenteo&lignment can be deter-
mined up to an average error of 0.04 rad with as few as 30 to 8@apping landmarks
and is practically error free when the overlap is bigger thatandmarks.
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Figure 4.17: Average rotational error of pairwise map alignments. Eamg torrespond to the
standard deviation.

4.7. Related Work

A large variety of SLAM approaches is available to the rot®tommunity. Common
techniques apply extended and unscented Kalman ltergefJed al., 1995; Leonard and
Durrant-Whyte, 1991), sparse extended information lt&tagtice et al., 2005), particle
Iters (Montemerlo and Thrun, 2003), and graph-based,tlsgaare error minimization
approaches (Lu and Milios, 1997; Frese et al., 2005; Olsal. eR006; Grisetti et al.,
2007c).

The graph-based formulation of SLAM has been introducedlogphd Milios (1997).
In recent years, a variety of algorithms have been propasetidiently solve constraint
networks in the context of SLAM. Fres# al. presented the treemap approach which
employs multilevel relaxation (Frese, 2006) similar to ktals TITF method (Paskin,
2003). A stochastic gradient descent method is proposeddmonét al. (2006) which has
been further extended by Grisettial. (2007a) using an ef cient tree parameterization.

The problem of generating constraints between pose graptissely related to the
problem of computing an alignment of several maps. To aligd gaps, Bosse and
Zlot (2008) proposed a map matching approach that is basegtmgrams. They main-
tain a graph of local grid maps and compute histograms byeptiog the 2D maps onto
three one-dimensional values. By correlating these hiatodeatures, matches between
submaps are identi ed. A similar approach was presented bypi€42008). In con-
trast to the approach by Bosse and Zlot, grid maps are interpes binary images and
then aligned by computing their Hough spectra. These spegpress the directions of
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lines in the binary image and are used to determine a relatatehing orientation. The
displacement is then computed using projection histograms

The alignment of landmark maps was rst investigated by [QRefie and
Sukhatme (2000). Their approach assumes that landmarkg pasition and head-
ing information. They evaluate all possible pairs of landksavithin one semantic class
and in cases where all landmarks fall within the same clagsygair of landmarks has
to be evaluated. Huang and Beevers (2005) extended thisagpby considering the
structure a graph-based landmark map. Starting from laridioadandmark matches,
they grow the match along edges in the map. The authors bttéhe runtime of their
approach i©(n’logn).

Thrun and Liu (2005) determine triplets of adjacent landemand then use relative
distances and angles within these triangles to nd matckies transformation hypothe-
ses are veri ed based on negative information and the hioeld of a merged map. The
matching technique is not described in detail, the authastion that hill-climbing is
applied to select correspondences from the set of hypathes®that a Bayesian MAP
estimator is used to merge maps. The authors assume thgighmaah has an asymp-
totic complexity ofO(nlogn). This approach is similar to the landmark-based match-
ing approach presented in this chapter. Our algorithm, kewes described in detail
and we provide a complexity analysis that shows that ouraggbr has a complexity of
O(nlogn). Furthermore, we apply the Delaunay triangulation thatnsjue when all
landmarks are in general position. The Delaunay trianguiatas previously used by
Ogawa (1986) to match sets of points in images. The appraestinees that each point
carries a label that assigns it to a class. In contrast to dhiisapproach is based solely
on the position of landmarks in the plane and does not assaynigher knowledge or
labels.

When multiple robots explore the same environment and ae tabtommunicate,
one can assume that the robots meet and recognize each®theral approaches have
been proposed based on this assumption. Howal. (2005) present a graph-based
SLAM approach that is able to merge the maps of several @rglapbots once they
meet and recognize each other. The approach presented myeZhb (2006) relies on
the stronger assumption that robots can compute a relaéirsform from robot-to-robot
measurements. Landmark-based maps of the robots are thehethaising a nearest
neighbor search. A multi-robot SLAM approach was also preskby Koet al. (2003).
The relative positions of the robots are initially unknowrdastimated by localizing each
robot in the maps of the other robots. Hypotheses are agtwezl ed by employing a
rendezvous strategy. This approach is similar to the grid besed approach presented
in this chapter in that it uses a localization method to gateeconstraints. We do not,
however, assume the robots are able to communicate and lijwaeognize each other.

So far, there exist only very few methods that explicitly rakithe relation between sep-
arate oors of a building. One such approach has been preddmnytlocchiet al. (2007).
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A set of separate 2D oor maps is used to model the environméntontrast to the
approach presented in this chapter, the oor maps need toebergted by a single
robot which is able to derive the oor alignment by employiagrecise visual odom-
etry method. Consequently, this approach cannot be appliednulti-robot scenario
and will fail to provide a correct alignment if oor maps aretrmapped consecutively
or if the transition of oors is not visually salient. Genégraph optimization frame-
works have also been successfully applied to datasetsiomgaimulated multi-level
buildings (Frese and Schroder, 2006; Grisetti et al., 2D0¥ate, however, that in these
datasets constraints between oors have not been gendratadsensor measurements
but have been generated from the simulated ground truth.

4.8. Discussion

In this section, we presented an approach to simultaneotaization and map-
ping (SLAM) with multiple robots. Most existing approactesus on ef cient solutions
to SLAM with single robots. To extend these approaches tdirmbot systems we align
the maps and trajectories of the individual robots. We maleaf a graphical formula-
tion of the SLAM problem, that maintains pose graphs for gatdot. To connect these
initially independent graphs, we solve a data associatiohlpm: Areas that have been
covered by multiple robots are identi ed based on the olet#was of the robots. From
these associations, we extract alignment constraintsdagtihe trajectories of the robots.
The resulting global graph is then optimized to estimaterssisbent model.

We presented two methods to solve the data associatiorgonabldistributed systems.
The rst approach is based on grid maps while the second agproses landmark maps.
Our grid-based approach applies Monte Carlo localizatiopetdorm a global pose es-
timation. By localizing one robot in the map of another robbgssociates positions
in multiple grid maps. The system was evaluated in the comermapping multi- oor
building, where each oor was mapped independently. Ouraggh successfully gener-
ated constraints between individual oors and in this wagerated consistent multi- oor
maps. Our evaluation shows that maps generated my our mathadore accurate than
those obtained with a standard SLAM approach. Additionally experiments showed
that adding constraints between overlapping SLAM graphsrmogrove the overall accu-
racy of the model. Inter-graph constraints allow to mitggatrors that are present in one
graph using information from other graphs that correctlydgidhe corresponding part
of the environment.

Our algorithm to align landmark maps computes a Delaunapdulation of the maps
and then searches for similar triangles using geometricffes. Matching triangles that
are found in pairs of overlapping maps are then used to campildtive transformations.
The algorithm has an average computational complexi@(oflog n) and is among the
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Figure 4.18: Maps of the Stata Center building. Left: Third oor, Right: HEigloor. Without
further background knowledge it is unclear how to align the maps.

fastest approaches that solve this particular problem. Wkiated our approach using
several real world datasets as well as simulated data. Bu#tseshow that constraints
between SLAM graphs can be computed reliably and that cemsiglobal models are
estimated by the approach.

4.8.1. Limitations of Multi-Floor Mapping

As we illustrated in the experimental section, the appitcaof our multi-robot system
to multi- oor mapping was successful in typical real worldilolings. Our approach was
able to align oors even if they share only few common struetu Buildings with strong
symmetries, however, may pose a problem to the describedagp In such cases, the
global localization method will most likely converge to a Itnodal distribution and
thus no constraints can be generated.

Our approach will furthermore not lead to improvements wadwilding is mapped
whose oors do not share any similarities. These buildingusaarely in real world
but do exist. One such building is the Stata Center at MIT, asgdtis available from
the Radish repository (Howard and Roy, 2003). Here, our apgpraoas unable to nd
constraints between the third and the eighth oor, see leigufi8. This comes as no
surprise, since even a manual alignment of the oor maps #&lpémpossible without
background knowledge.






Chapter 5
Ef cient 3D Mapping

5.1. Introduction

When robots navigate autonomously, they need a model of theopament that de nes
regions which are safe to traverse. In Chapter 2 and Chaptee &saumed that the
environment can be suf ciently modeled using planar, tviimehsional maps. This as-
sumption is valid for many navigation tasks in buildings atider man-made structures.
There are, however, several robotic applications thatireguthree-dimensional model
of the environment. Three-dimensional models are relewamtany airborne, underwa-
ter, or extra-terrestrial missions and may also be necgs$satomestic scenarios, for
mobile manipulation tasks, or for navigation in multi-lés@ environments.

In this chapter, we will assume that 3D maps are created tisengensors of a robot in
combination with appropriate state estimation techniquegeneral, one could create a
3D map manually, for example, using CAD software. But this nsuapproach is time-
consuming and the model has to be created by an expert thauhaent knowledge
about the environment. Acquiring the 3D model using a matolot offers two distinct
advantages: First, robots can be deployed without priomkerge of the environment
as long as they are able to navigate safely while taking sansasurements. In hostile
or remote environments there often will not be suf cientgprknowledge to create maps
manually, examples include disaster scenarios, underapégation, and extra-terrestrial
exploration. The second advantage of creating maps usbwgsas that the model can
then be created with the same type of sensor in the same befithe robot is later using
during navigation. This will ensure that the work space @f thbot is modeled well so
that all relevant structures in the environment are repitesein the map, for instance,
during localization.

The 3D representation we present in this chapter is desigmetket the following
three requirements: It is a probabilistic representatibmodels free and unmapped
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areas, and it is ef cient with respect to runtime and memeguirements. We will now
discuss these three requirements in detail.

Probabilistic representation: To create 3D maps, mobile robots sense the environ-
ment by taking 3D range measurements. Such measuremerd$ieted with uncer-
tainty: Typically the error in range measurements is in tttepof centimeters and there
may also be more severe errors that are caused by re ectrahygamic obstacles. When
the task is to create an accurate model from such noisy nerasuts, the underlying un-
certainty has to be taken into account probabilisticallyltidle uncertain measurements
can then be fused into a robust estimate of the true statesofrilironment. Another
important aspect is that a probabilistic sensor fusion ore#ilows for the integration of
data from multiple sensors and of multiple robots.

Representation of unmapped areas:In autonomous navigation tasks, a robot can
plan collision-free paths only for those areas that have loegered by sensor measure-
ments. Unmapped areas, in contrast, need to be avoided iatiisfoeason the map has
to represent such areas explicitly. Furthermore, the kedg¢ about unmapped areas
is essential during exploration. When maps are created antounsly, the robot has to
plan its actions so that measurements are taken in preyiomshapped areas. When
unmapped areas are represented in the map, exploratieida@n be determined, for
instance, using a 3D variant of the frontiers approach whieldiscussed in Section 2.2.

Ef ciency: The map is a central component of any autonomous system seedas
used during action planning and execution. For this reagorgss to the map needs to
be ef cient. It needs to be ef cient with respect to accesads but also with respect
to memory consumption. From a practical point of view, megyrmmnsumption often is
the major bottleneck in 3D mapping systems. For this reaserrgquire that the model
is compact in memory so that large environments can be magppebot can keep the
model in its main memory, and it can be transmitted betweeltipteirobots.

Several approaches have been proposed to model 3D envintsn&r comparison,
we applied four different approaches to represent an exaugia set, a visualization
of the results is given in Figure 5.1. The 3D measurementsegnesented using point
clouds, elevation maps, multi-level surface maps as pexpbyg Triebekt al. (2006), and
the representation presented in this chapter. None of thaqus approaches ful lls all
of the requirements we set out above. Point clouds store Empunts of measurement
points and hence are not memory-ef cient. Point cloudshieminore do not allow to
differentiate between obstacle-free and unmapped arehthay provide no means of
fusing multiple measurements probabilistically. Elevatmaps and multi-level surface
maps are ef cient but do not represent unmapped areas eithast importantly, these
approaches cannot represent arbitrary 3D environmertdh,asithe branches of the tree
in the example.

In this chapter, we present a mapping approach based oresdtrat combines the
advantages of previous approaches to meet the requiresgetsed above. To fuse



5.1 Introduction 103

Figure 5.1: Measurements of a tree modeled using different represestatidsualized are a:
Point clouds, b: an elevation map superimposed on point clouds, c: a melti-lev
surface map superimposed on point clouds, d: our approach.
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measurements, we apply probabilistic state estimatiamigaes similar to those used
in 3D occupancy grid mapping. In this way, we model obstaatewell as obstacle-free
volumes in the environment and we therefore also represanapped areas. Our ap-
proach stores map data in an octree that keeps the memomyroptisn at a minimum.
As a key contribution of our approach, we furthermore intrcgla lossless compression
method that reduces the memory requirement by locally comdpicoherent map vol-
umes. We implemented our approach and thoroughly evalutatedvarious simulated
and real datasets of both indoor and large-scale outdodoaments. As we will show
in Section 5.5, our approach meets the requirements seboueand outperforms pre-
vious approaches.

In Section 5.3, we present an extension to our mapping apprteat exploits hier-
archical dependencies in the environment. Most mappingoagpes are based on the
assumption that the environment can be mapped using a gjloddal map. Such mono-
lithic maps are, however, unable to represent movable tshged they cannot adapt
mapping parameters to the local structure. To address thedlenges, our hierarchical
approach maintains a collection of submaps in a tree-sireictivhere each node repre-
sents a subspace of the environment. The subdivision applieur system is based on
a spatial relation that is de ned by the user. In contrast toaolithic map, our hierar-
chical method is able to represent movable objects and iadapt mapping parameters
locally. To evaluate our extended mapping approach, weiexpjil to the scenario of
mobile manipulation, where individual objects need to beleied precisely.

In Chapter 2 and Chapter 3 we presented techniques to coadeens of robots
that create maps of an environment autonomously. A cerg@@d of these strategies
was how to choose from a number of possible exploratory astion Section 5.4, we
present an approach that acquires 3D models autonomoughrigyating and evaluating
3D sensing actions. It takes into account the expectedrrdton of potential future
observations. This estimation makes use of the informathoyut unmapped areas that
is represented in our 3D map structure. The proposed exgorsystem was evaluated
using our hierarchical 3D mapping approach in experimeoslacted with a simulated
mobile manipulation robot.

In our experiments, we generate 3D maps from range measatentéensor modal-
ities for acquiring such measurements include laser ramgkers and stereo cameras.
Throughout this chapter, we assume that measurementskam ftam known sensor
origins. Estimating the poses of the sensor using appriep8dia SLAM methods is not
addressed by our mapping technique.

This chapter is organized as follows. In the next sectionpvesent our map tech-
nique including its underlying data structure, the senasroin approach we apply, and
techniques to reduce its complexity. We extend the basic strajgture to a hierarchi-
cal model in Section 5.3 and present an implementation fdvil@enanipulation. An
approach to mapping 3D environments autonomously is ptedém Section 5.4. In Sec-
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Figure 5.2: lllustration of the octree data-structure. Left: Example of tre@storing free voxels
(shaded white) and occupied voxels (black). Right: The correspgrie represen-
tation.

tion 5.5, we then evaluate our approach in different scesancluding large-scale out-
door maps, modeling of indoor environments, mobile mamipoih, and 3D exploration.
Finally, we provide a detailed discussion of related workettion 5.6.

5.2. The OctoMap Mapping Framework

Our approach models obstacles as well as free space. Torachis task ef ciently, it
discretizes the environment by dividing it into equallgesd cubic volumes called voxels.
Our approach then estimates the probability of each voxbktoccupied by an obsta-
cle. By integrating multiple measurements probabilisljcaensor noise is taken into
account and data from multiple sources can be fused. Oupagppmaintains data in
a tree-based representation that allocates memory onthdse parts of the model that
carry information about the environment. Furthermore,ssliess compression method
ensures the compactness of the resulting models. In th@wiold), we describe the data
structure, the sensor fusion approach and techniques teedtie memory complexity
of our representation.

5.2.1. The Octree Data Structure

To store information about obstacles and free space in tkeoament, we use oc-
trees (Meagher, 1982; Wilhelms and Van Gelder, 1992). Areeds a tree-based data
structure that represents the 3D space by recursively w@didj the corresponding vol-
ume into eight sub-volumes until a given minimum cube size#&hed. Each volume
created in this process is represented as a node in the actdeeach inner node in the
tree has at most eight children. The relation between thenves and the tree is illus-
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b) c)

Figure 5.3: An octree generated from example data. a: Point clouddextar a corridor with a
tilting laser scanner. b: Octree generated from the data, showing odougptels only.
c: Visualization of the octree showing occupied voxels (dark) and foels (white).

trated in Figure 5.2. When used for 3D modeling, each nodeamotitree represents one
voxel. The size of the voxels that corresponds to the leaéaadithe tree determines the
resolution of the 3D map.

In its basic form, octrees model a Boolean property and in cimeext of robotic map-
ping, this usually is the occupancy of a volume. If a certadtumne is measured as
occupied, the corresponding node in the octree is inigdlizAny uninitialized node,
however, can be free or unknown. To resolve this ambiguige tells can be explic-
itly represented by nodes markedfeese and sub-volumes which are not initialized then
implicitly model unknownareas.

The use of such Boolean occupancy states allows for a comgareisentation of the
octree: If all children of an inner node are occupied leafemar all are free leaf nodes,
then the information encoded by the child nodes can be siorib@ parent node instead.
The children of the node can then be removed. Pruning thétitbés way avoids storing
redundant information and leads to a substantial reduatidghe number of nodes that
need to be maintained. Figure 5.3 shows a visualization &f @8er scan and the octree
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created from this measurement. It can be seen that a numifiereohodes have been
combined into bigger voxels. This is the result of the corapi@ mechanism we just
described.

When maps are created using mobile robots, one has to copesavigor noise and
temporarily or permanently changing environments. A dgeioccupancy state is then
insuf cient to fuse multiple measurements. Instead, oegigy has to be modeled proba-
bilistically, that is, by estimating the probability of dagoxel to be occupied. In the next
section, we present the state estimation technique appliear approach.

5.2.2. Probabilistic Sensor Fusion

We have already discussed occupancy grid mapping in thexdoot two-dimensional
maps in Section 2.2. This approach can be extended to timesdional environments
in a straightforward way: Instead of estimating the stateedis in a 2D grid map, we
estimate the state of voxels in a 3D map. Recall that the pilifyadd a cell to contain an
obstacle is estimated using a binary random variable. lapproach, we integrate sensor
readings by applying occupancy grid mapping as introdugeddravec and Elfes (1985)
and we adopt the common assumption that all voxel are indiEpetof each other. Anal-
ogous to Moravec (1988), we derive a recursive update rulthéoprobabilityP(c | z; )

of a voxelc to contain an obstacle given all previous sensor measutsmenFirst, we
apply Bayes' rule and obtain

P(zjczir 1)P(Cjz1t 1),

P(cj z11) = : 51
(¢] 212) P(z )21t 1) 1)
We then compute the ratio
P(cj z11) — P(zjcizit 1) P(cjzir 1) . (5.2)
P:cjzit) P(zj: czit 1)P( cjziz 1) '
Similarly, we obtain
Plciz) _ P(zjc) P(c)
P(:cjz) P(zj:oP(:c)
which can be transformed into
P(zjc) _ P(cjz) P( ¢), (5.3)

P(zj: 0 P(cjz) P

Applying the Markov assumption that the current observaisandependent of previous
observations given we know that a voxel is occupied gives

P(zjczix 1)= P(zj0) (5.4)
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and utilizing the fact tha®(: ¢)= 1 P(c), we obtain

P(cj z11) - P(cj z) P(cjzix 1) 1 P(c),
1 P(cjzy) 1 P(cjz)l P(cjzix 1) P(c)

(5.5)

Finally, this equation can be transformed into the follogviecursive update formula:

1 P(cjz)l P(cjzir 1) P !

Plad= v 557y Pz 0 1 PO

(5.6)

This update formula depends on the current measuremeatprior probabilityP(c),
and the previous estimat(cj z1 1). The termP(cj z) denotes the probability of
voxel c to be occupied given the measuremant This value is speci c to the sensor
that generated and we provide details on the sensor model we used in our iexpets
in Section 5.5.1.

Under the common assumption of a uniform prior probabiR(g) = 0:5, and by using
the logOdds notation, Equation (5.6) can be rewritten as

logOddgcj z1¢) = logOddgcj z;+ 1)+ logOdd€cj %) (5.7)
P(c)
1 P(c)

with logOddgc) = log (5.8)
This formulation of the update rule allows for faster upgdatence multiplications are
replaced by additions. In case of pre-computed sensor mothed logarithms do not
have to be computed during the update step. Note that log@addss can be converted
into probabilities and vice versa and we therefore store\taiue for each voxel instead
of the occupancy probability.

When a 3D map is used for navigation, a threshold on the occypparobability
P(cj z11) is often applied. A voxel is considered to becupiedwhen the threshold
is reached and is assumed to foee otherwise, thereby de ning two discrete states.
From Equation (5.7) it is evident that to change the statevai@| we need to integrate
as many observations as have been integrated to de ne tertistate. In other words,
if a voxel was observed free fartimes, then it has to be observed occupied at Inast
times before it is considered occupied according to thestiolel (assuming that free and
occupied measurements are equally likely in the sensor lndtlaile this property is de-
sirable in static environments, a mobile robot is often fawéh temporary or permanent
changes in the environment and the map has to adapt to thesgeshquickly. To ensure
this adaptability, Yguekt al. (2007a) proposed a clamping update policy that de nes
an upper and lower bound on the occupancy estimate. Insfeasing Equation (5.7)
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Figure 5.4: Multi-resolution queries of an octree. By limiting the depth of ayjueultiple reso-
lutions of the same map can be obtained. Shown is a visualization of voxels with an
occupancy probability higher than 0.5 at a resolution of 0.08 m, 0.32m, aBdril.2
(left to right).

directly, occupancy estimates are updated according to

logOddgcj z11) = (5.9)
max(min(logOddqcj z;+ 1)+ logOdd<cj z);lmax) ;Imin) ;

wherelnin andlmax denote the lower and upper bound on the logOdds value. ilrelyit
this modi ed update formula xes the number of updates tha&t meeded to change the
state of a voxel. Applying the clamping update policy in oppeach leads to two advan-
tages: we ensure that the con dence in the map remains bdwmttas a consequence
the model can adapt to changes in the environment quickigh&umore, we are able to
compress neighboring voxels that reach the upper or lowendhoAs we will discuss in
Section 5.2.4, this leads to a considerable reduction imtimeber of voxels that have to
be maintained.

5.2.3. Multi-Resolution Queries

When measurements are integrated into our map structurealpilistic updates are per-
formed only for the leaf nodes in the octree. But since an edase hierarchical data
structure, we can make use of the inner nodes in the tree toleenaulti-resolution
gueries. Observe that we yield a coarser subdivision of ihesf@ace when the tree is
traversed only up to a given depth that is not the depth ofgaerlodes. Each inner node
spans the volume that its eight children occupy, so to deteritine occupancy proba-
bility of an inner node, we have to aggregate the probadsliof its children. Several
strategies could be pursued to determine the occupancwlpitity of a nodec given its
eight sub-volumes; (Kraetzschmar et al., 2004). Depending on the applicatidraad,
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either the average occupancy

_ 8
I(c) = % a logOddgc;) (5.10)
i=1
or the maximum occupancy
[(c) = maxlogOddsc;) (5.11)
|

can be used, wheitegOddgc) returns the current logOdds occupancy value of a rode
Using the maximum child occupancy to update inner nodes earetparded a conser-
vative strategy which is well suited for robot navigation. &suming that a volume is
occupied if any part of it has been measured occupied, milisee paths can be planned
and for this reason the maximum occupancy update is used system. Note that in an
even more conservative settinggOddgc) can be de ned to return a positive occupancy
probability for unknowncells as well. An example of an octree queried for occupied
voxels at several resolutions is shown in Figure 5.4.

5.2.4. Compact Map Representation

We will now discuss techniques to compress octree-based & nhow to implement
the data structure ef ciently, and how to generate compag-ntes.

Lossless Map Compression

In Section 5.2.1, we explained how tree pruning can redueeathount of redundant
information in octrees with discrete occupancy states iickva voxel can be eitherc-
cupiedor free The same technique can also be applied in maps that usebjrstia
occupancy estimates. In general, however, one cannot ettgeoccupancy probability
of neighboring nodes to be identical, even if both voxel areupied by the same physi-
cal obstacle. Sensor noise and discretization errors eattedifferent probabilities and
therefore interfere with compression schemes that relyentical node information. A
possible solution to this problem is to apply a thresholdrenvoxel probability, for ex-
ample 0.5, and in this way generate a discrete state estimeadisuggested by Fair ekt
al. (2007). This, however, is not a lossless compression shre@tividual probability
estimates cannot be recovered after the tree has been pruned

In our approach, we achieve a lossless map compression lyirapghe clamping
update policy given in Equation (5.9). Whenever the logOdilsev of a voxel reaches
either the lower bound;, or the upper bounthax, We consider the nodgtablein our
approach. Intuitively, stable nodes have been measureafreccupied with high con -
dence. In a static environment, all voxels will converge tiable state after a suf cient
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Figure 5.5: Example of the bit stream encoding of an octree (compareeFigR). The octree
structure shown on the left can be stored using only 48 bits, 2 bits foraaichof a
node, as shown on the right. Here, each row corresponds to onenioder starting
at the root node.

number of measurements have been integrated. In our exgr@sfor example, ve
agreeing measurements are suf cient to render an unknowel wato a stable voxel. If
all children of an inner tree node are stable leaf nodes \iéhseame occupancy state,
then the children can be pruned. Should future measurerbentstegrated that con-
tradict the state of the corresponding inner node, thenhiisiren are regenerated and
updated accordingly. Applying this compression does rait te a loss of information in
the probabilistic model. It does, however, lead to a comatnle reduction in the memory
consumption, in our experiments we observed an improveofar to 44%.

Memory-Ef cient Implementation

Each node in an octree needs to maintain an ordered list efgtg children and this
can be achieved naively by storing eight pointers per notle.miemory required for the
pointers, 8bit 32bit= 256 bit per node on a 32 bit architecture, will lead to a signi
cant memory overhead (Wilhelms and Van Gelder, 1992). Witmlementation trick,
however, one can overcome this problem. In our implementatwe use one pointer per
node which points to an array of eight pointers. This arragnily allocated if children
need to be initialized. The majority of nodes in an octred@aénodes that do not have
children. Assuming that the logOdds value is stored as at3@dting point value, each
leaf occupies 64 bit compared to 288 bit in the naive impleat&n, thus leading to a
more compact representation.

Compact Map Files

Many robotic applications require maps to be stored in [&kis includes cases where
a map is generated during a training phase and later is usedobyle robots during
path planning and localization. Another use case is a moittdt system where maps are
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exchanged between robots. In either case, a compact repBee is required in order
to minimize the consumption of disk space or communicatieamdovidth.

A straightforward encoding is achieved by storing the oeqwgy probability of each
node as a 32 bit oating point number along with a vector ofheibits that speci es
which of the node's children has been initialized. Startirgm the root node of the
tree, a depth- rst search is then used to encode the octreetwste and all occupancy
probabilities.

More compact les can be generated whenever a maximum hi@elil estimate of the
map is suf cient for the task at hand and the individual probty estimates can be
thresholded. This is the case for most navigation systerisegsdo not add information
to the map once it has been generated. Octree maps can theodzked as a compact
bit stream by representing each node using the discretepancy states of its children.
Beginning at the root node, each child that is not a leaf nodedsrsively added to the
bit stream in a depth- rst search. We do not encode leaf nedescitly because they
can be reconstructed from their occupancy state that iedtoith the parent node. As
motivated above, unmapped volumes can be of special inianesotic systems and for
this reason, we explicitly differentiate between free anknown areas. In our encoding,
each inner node is represented by 16 bits in the map le, twsog®@r child to encode one
of four possible states: children can be free, occupiednawk, or they can be inner
nodes. Our encoding is considerably more compact than thglstforward encoding
that stores all probability estimates and takes a total ob#® per node. Figure 5.5
illustrates our bit-stream encoding: Each row representsmode and the upper row
corresponding to the root node. The lower row only contagadd so no further nodes
are added. In our experiments, le sizes never exceeded 2 M&) & the case of a
large outdoor environments with a size of 292ml67m 28m (see Figure 5.15 on
page 129).

5.3. Hierarchies of 3D Maps

In the following, we present an extension to our octree-thasapping approach that
exploits hierarchical dependencies in 3D environmentsolkection of submaps is main-
tained in a tree-structure, where each node representspaéof the environment. The
subdivision applied in our system is based on a user-de patia relation. Figure 5.6
gives an illustration of a hierarchy that is based on thetigeieof objects and their sup-
porting planes.

Compared to a single, monolithic map of the environment oeranchical approach
exhibits a number of advantages: First, each submap is anagat independently and
mapping parameters such as the resolution can be adapteddbrsubmap. Second,
submaps can be manipulated independently. For examplafahe submaps represent-
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Figure 5.6: lllustration of a map hierarchy based on supporting plangs. Misualization of a
hierarchical model of the table top scene shown in the photo. The objeetnjcgnd
the table (magenta) are represented in individual submaps. Bottom: illustoétios
map hierarchy. Each map node is represented in a separate octree map.
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Figure 5.7: lllustration of a node in our map hierarchy. Each node comdiatseparate 3D map
and the hierarchy is de ned via parent and child pointers.

ing an individual object can be moved while the rest remaiascs Third, hierarchical
dependencies of submaps can be encoded in the hierarchgx&wople, all objects on a
table can be associated to this table and if the table is mihveedthe objects are moved

along with it.
In the following, we will introduce the proposed hierardciclata structure, explain

how to generate a hierarchy of maps based on a spatial relatial show how the rep-
resentation can be updated. We will then present a speciglamentation of a map
hierarchy for table top manipulation.

5.3.1. De nition of the Map Hierarchy

We de ne a map hierarchy as a tree of map nodes, where eachhmaidéins a separate
3D map that is oriented in space. Formally, we de ne a hidnaM as a set of nodeg

M= fng;:::ngg; (5.12)
wherek is the number of map nodes in the tree. A nodis de ned as
n = (m; pi; Gt i), (5.13)

see Figure 5.7 for an illustration. Each node stores a 3Dmamd the tree structure is
de ned via a reference to the node's parent ngpgdand a set of references to child nodes

C=fc;::5600: (5.14)

To be able to represent objects that move in the environmeninterpret each node's
mapsm; with respect to a reference frame The 6D transfornt; denotes the relative
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transform from the parent's reference frame to the nodeslloeference frame. We
recover the global reference frartf’éc’ba' of noden; by traversing the tree. Starting at
noden;, we follow the parent references upwards to the root of te. tThis leads to the
following recursive formulation
8
tig'Oba' _ <t n; is root node

: tglobal t !

(5.15)
Pi i else

wheretgi'c’bal denotes the global reference frameng$ parentp; and is the 6D compo-

sition operator.

By de ning parent and child pointers and relative transfomesde ne the hierarchy
of 3D maps. In the node de nition given above, we include atitmhal semantic labd.
This label stores semantic information that is associatiéd a/map node, for example,
an object class identi er. It can be used, for instance, tilitate data association or to
adapt certain map properties. To determine the semang, lab assume that a labeling
functionL(2) exists that returns a label for a given sensor measuremérite labeling
function can be implemented by applying object detectigo@ihms, for example the
approach of Ruhnket al. (2009), or scene analysis methods, for example the approach
presented by Nuchtet al. (2008). In Section 5.3.4, we will give an example of a lalbglin
function which is based on plane-detection.

5.3.2. Construction via Spatial Relations

In this section, we describe how to generate a map hierarcmy 8D measurements.
We assume that 3D measurements are given as gpay) consisting of a cloud of
endpointsz and the corresponding sensor origin  We assume that techniques exist
to analyze point cloud measurements for meaningful strastuMore speci cally, we
assume that there exists a metl®#d which computes a segmentation of a point cloud
measuremert so that

9= fz;::; g;z=[ z; (5.16)

where each segmentcorresponds to a structure such as surface planes, geopraink
itives, or point clusters.

The construction of the map hierarchy is based on a spal#iae that is provided by
the user. This relation(nj;n;) M M determines whether nodgis at a higher level
in the hierarchy tham;. Real-world examples of such relations include the relation
supportsor contains

Whenever a new nodse is added to the hierarchy, the relatiorr is evaluated for



116 CHAPTERS: EFFICIENT 3D MAPPING

each existing node and a #&tof candidate ancestors is generated
A=1fn2Mj(nnew 2 rg (5.17)

In general, the candidate sAt can consist of more than one candidate. For example,
a cup standing on a table ssipported bythe table but also by the oor that the table
is standing on. For this reasomey is added to the hierarchy as a child of the deepest
candidate noda in the hierarchy

a = argmaxdepth(a); (5.18)
a2A

wheredepth{a) denotes the depth afin the tree.

More than one relation may be used to de ne the hierarchyragds they are mutually
exclusive, that is, no more than one relation contains thie {un; n,ey) for a given noden.

In this case, all relations 2 R in a set of relations are evaluated in Equation (5.17).
Using more than one relation allows the hierarchy to modw®lekample, that objects
aresupported bya table and that this table c®ntained ina speci ¢ room. Note that to
ensure mutual exclusivity an object thatsispported bya table cannot beontained in
the table at the same time.

There are certain situations which cannot be modeled usiregastructure, for exam-
ple, in the case of aupported byhierarchy objects cannot rest on two tables simultane-
ously. However, this restriction allows us to update themafice frames of map nodes
recursively. In the example, when an object is located orbke tand the table's refer-
ence frame is updated because the table was moved in themmeént, then the object's
reference frame is updated along with the table's.

5.3.3. Update of the Hierarchy

An existing map hierarchy can be updated in three ways. ,Fiest 3D measurements
can be integrated into the node maps. Second, the positmnenttation of a node can be
updated based on a perceived movement. Third, objects manaeed from the scene.

To integrate a measurement into an existing hierarchy, \weneed to determine the
nodes that have to be updated. We assume that an assoacietatiofn fo exists. Given a
point cloud measuremeantthis function returns the lowest nod& M in the tree thar
falls into or the empty set if no such node can be found. Gitnassociation function
and a segmentation functi@ the model update follows three steps:

1. Segment the point cloddzg= S(2)

2. Associate each segmezitto an existing map node usinig. Multiple segments
can be associated to the same map node.
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3. Update node maps determined in previous step using thespanding segments
and the sensor origio,. Create a new map nodes for segments which could not be
associated to a node.

Our data structure is able to model changes that result figecbomovements in the
environment. Such movements can be perceived using obgetttbn methods, for
example, based on viewpoint feature histograms as progms&iisuet al. (2010). To
integrate a perceived relative 6D-transformatigihat encodes a movement and a change
of orientation of a subman, the corresponding node transform is updated according to:
it t.

In general, there are also unobserved transformationseoétkironment and objects
can be removed from the environment entirely. To cope witthsases, we estimate the
probability of existence for each node The probabilityP(nj z;1), wherez;; denotes
the set of all measurements up to tilés estimated using a binary Bayes lter similar
to Equation (5.6):

1 P(njz)l P(njziy 1) P *

P(njzi4)= 1+ P(nNjz) P(Njzit 1) 1 P(n)

(5.19)

The inverse sensor modB(nj z) and the prior probability?(n) both are specic to
the sensor and the segmentation used for mapping. In ouemgsitation,P(nj z)
con rms the node's existence if measurementsodire integrated into the node's map
and it opposes the existence if no measurements are irgdgithough the node is within
the sensor's eld of view.

5.3.4. 3D Models for Tabletop Manipulation

In this section, we present a speci ¢ implementation of a i@parchyHalong with a
segmentatior®’, labeling functionL? relationr® and association functioff. We apply
our approach to the task of representing an indoor envirohfoetabletop manipulation.
Our model is designed to represent the entire working splatbe oobot, at the same time
it represents objects at a ne resolution to facilitate, éaample, grasp computation. In
our implementation oH® we differentiate between objects, tables and the remginin
structures, such as the oor and the walls, which are parhefscene background, see
Figure 5.6 for an illustration. We make use of two centralpemies of the proposed
hierarchical map structure: First, objects are modelecrseply so that they can be
updated and manipulated independently. Second, we adgingaparameters locally,
in the case oH® the mapping resolution is adapted to the semantic classmaianode.
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Figure 5.8: Example of a segmented point cloud taken with a stereo cametaleAdp scene is
segmented and segments are visualized in different colors. Left: Ssseeaby the
cameras. Right: Scene shown from the side.

Construction of the Hierarchy

The map hierarchy?is based on supporting planes, that is, we follow the common
assumption that objects rest on at tabletops. To identifporting structures and to
compute a segmentation of measurements we analyze sulésergs in the 3D point
clouds. We rst locate horizontal planes at approximatdddieight, between 0.5m and
1.0m. This is done by tting planes using the random sampleseasus (RANSAC)
algorithm (Fischler and Bolles, 1981). The sets of tableemsliare stored in segments
Zable1 10 Zaplen-

The planes are then used to identify object points in the oreagent point cloud.
Objects are de ned as measurements above a detected table. pTo segment those
points into individual object measurememgsg;;1 to Zyyj:m, the object points are clustered
based on a threshold on the Euclidean point distance, inxparinents we use 0.01 m.
All points that are neither table inliers nor belong to aneabjcluster, are stored in a
background segmengy. The result of this geometric analysis de nes the segmamtat
functionS\2):

N2 = fzng; Zable1; 15 Zablen; Zobji1i i Zobjmd: (5.20)

An example of a segmented point cloud can be seen in FigureBased on the result
of S{2) we de ne the labeling functiohY2) as:

8
5 table 221 Zaple1;: 1 Zablend
L(tz): 5 object 221 Zopj1;:i 0 Zobimd (5.21)

" background else
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Finally, the spatial relationctni;nj) is de ned based on the node labels:

rO= f (ni;nj) jni;nj 2 M8 (I = table 7 | = object )_
(li = background ~Ij= table )_
(li = background * |j = object ) g; (5.22)

wherel; andlj denote the labels of nodesandn;.

Node Maps

We maintain node maps using the OctoMap mapping framewdrkdaoced in Sec-
tion 5.2 and each 3D map is represented using a separate.oétlemap updates are
local with respect to the map node's reference frame. Whemvaonéen; is added to the
hierarchy, we use the rst point cloud measurement thattegrated into the node to de-
termine its reference franterelative to the parent nodg. The translational component
iIs computed from the centroid of the measurement. While thistant offset does not
have an in uence on the distribution of voxels, the orieltatof the node map has to be
chosen carefully. It determines the orientation of the mayels and in our experiments
we observed that smooth models are generated when the vasetation follows the
dominant surface normals of the object. For this reason,sedhe principal component
analysis on the distribution of measurement points to datex the node orientation. Al-
though this cannot guarantee an optimal orientation of¢ference frame with respect to
all future measurements that are integrated mtd typically results in smoother object
surfaces than choosing a prede ned orientation.

To integrate a measurement into a node map, we rst transfomto the reference
frame of the node map. Lér; 0,) be a measurement andthe map node to be updated.
The transform of the measurement and the correspondinup @tig given by

(09 = (7% X2);?*) Y0); (5.23)
Where(tigl‘)ba') 1 denotes the inverse global transfornmpfMapm is then updated using
(209). To ef ciently determine those voxels that need to be updiates perform a ray-
casting operation frorn2 to each measurement endpointZinThen, we update volumes
along the beam using occupancy grid mapping as describeztiiog 5.2.2. For the sake
of ef ciency, we update only those freespace voxels alorgltbam that fall within the
oriented bounding box afy.

An important advantage of the proposed map hierarchy isliti¢yao adapt the map-
ping resolution based on the semantic class. In the contenbbile manipulation, for
instance, objects usually need to be modeled at very nelu@sas (e.g., millimeters)
while in many applications, a table top can be modeled at eseoaesolution (e.g., cen-
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O
-8 o8B(n,)

OBB(n) segment 7 OBB(ns)

I

noden; noden; nodens

Figure 5.9: 2D illustration of data association based on oriented boundies {®BBs). The
OBB of a measurement segmen(red) is tested for intersection with the OBBs of
existing map nodes; (blue).

timeters) and walls and the oor can be modeled even coavserapplied such a multi-
resolution approach in our experiments and we will show ithr@sulted in a signi cant
reduction in both memory consumption and computation time.

Node Association

To implement an association module for table top manipaafid, we use oriented
bounding boxes (OBBs) and the node labels stored in the magrbisr Given a point
cloud segment, we rst use its semantic lab&l{2) to nd a set of existing map nodes
N with the same label. Then we determine the OBR lo§ performing principle compo-
nent analysis and we compute the OBB of each mp@el . This can be done ef ciently
using the reference franteand the extend of the node map. To nd the node that the
measuremertfalls into, we test the bounding box ofor intersection with the bounding
boxes of the map nodes N . This test can be performed ef ciently using, for example,
Gottschalk's algorithm (Gottschalk, 2000). A 2D illusimat of the bounding box test
is given in Figure 5.9. If the objects on the table are wellasafed and each object is
represented by one node in the hierarchy, we will nd at mos mtersection. In cases,
where the the OBB of intersects the OBBs of multiple map nodé,g,returns the map
node whose centroid has the smallest Euclidean distanbe tentroid o

5.4. Autonomous Model Acquisition

In the previous sections, we explained how to generate 3Detaddom given sensor
data. In this section, we consider the problem of learninglel@autonomously. Our
exploration system is an information-driven approachakes into account the expected
information of potential, future observations. Our apgtoean be seen as an extension of
the exploration system of Stachnetsal. (2005) towards 3D environments. Both a single
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Algorithm 5 Autonomous Model Acquisition.
Mo O,t O
Zyp getMeasureme(jt
M;  updateModdIMy; o)

repeat
V  sampleViewpoint&i) /I generate viewpoints
forall v2 V do
cy estimateCo$iVi; X;;V) // compute cost
uv) al(Mg;v) (1 a)cy // trade of information gain and cost
end for

v argmay,y u(v)

if u(v)>t then
moveBase( )
z  getMeasureme(jt
Mi+1  updateModédlM;; z)

end if

t t+1

until u(v) t

3D map and a hierarchy of maps can be created using our apprivethe experiments,
we generated hierarchical models as introduced in Sect®ii.5

We assume that the robot consists of a movable platform shequipped with a 3D
range sensor. The key idea of our exploration approach isnmpke potential target
locations in the environment and to evaluate their utilior each target location, we
estimate the cost of taking a measurement at that locatidrwarestimate the expected
information gain, which we de ne as the expected reductiborxertainty in the map.
The algorithm then selects the target location which presithe best trade-off between
cost and expected information gain. The algorithm for tincecpdure is given as pseudo
code in Algorithm 5. We will discuss the overall exploratialgorithm rst and then
apply it to the problem of tabletop exploration in the foliogy section.

The exploration is initialized by taking a 3D measuremerthatstarting location of
the robot. From this measurement, we generate an initiakhmfdhe worldM;. After
initialization, we execute an iterative process of genegatevaluating, and selecting pos-
sible targets. From the freespace encoded in thelvhapampleViewpoin{sl;) samples
a set of target location¥ that can be reached by the robot. Next, the potential view
points are evaluated with respect to their cost and the ¢éggeeduction of uncertainty
in M. While the cost of reaching a location depends on the curmese pf the robok;,
the reduction in uncertainty is governed by the potentiahsneements that we expect
to obtain. The computation of this value is discussed in dtlewing section. For each
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potential view point 2 V, we then determine a utility value that is de ned as
uv)= al(M;v) (1 a) estimateCogMi;x;;V); (5.24)

wherel(M; V) is the expected information gain depending on the currentrp M;,
estimateCogM;; x;; V) estimates the corresponding exploration cost, ansla constant
factor to trade off cost against gain which is determinecis&aally.

Finally, we select the best next viewpointbased on the utility of the sampled view-
points:

v = argmaxu(V): (5.25)
vV
The robot then moves 0, a 3D measuremerz is taken and integrated into the 3D

model. This loop is repeated as long as there are unexplargdts and their utility
exceeds a user-de ned threshald

Estimated Information Gain

The expected information gain is de ned as the expectedatamtu of the entropyH in
the map and depends on potential observations that thewaubd take at a given target
location. We refer to (MacKay, 2003) for a detailed desawipbf information-theoretic
concepts. In general, the entropy of a discrete randomhtariawith possible outcomes

H(X) = 2 P(X) logP(x); (5.26)
=1

whereP(x;) denotes the probability of outcome In the case of grid maps, we consider
binary random variables that can have two outcomes: thegponding grid cell is either
occupiedor free Our sensor fusion approach provides us with an estif@ieof a cell

to be occupied. The entropy of a single grid aail$ therefore given by

H(c)= P(c)logP(c)+(1 P(c))log(1 P(c)) (5.27)

and the entropy of a grid may, consisting ofn independent cells;, can be computed
as
n
HM)= & [P(c)logP(c)+(1 P(c))log(1l P(ci))]: (5.28)

i=1

To compute the expected information gain of a target locati@ur exploration approach,
we consider the entropy reducti®i (M;; 2) in the current mode\l; caused by receiving
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a speci ¢ measurememtwhich is de ned as
DH(Mi;2 = H(My) H(Mj 2): (5.29)

Since the measurement that will be obtained at the targatittis not known before-
hand, one has to integrate over all possible measuremdmtexpected information gain
of a target locatiow is thus given by

Z
[(M;;v) = P(zj M;;v) DH(M;;2)dz (5.30)

Integrating over all possible observations is infeasihleviee can approximate Equa-
tion (5.30) by making the following assumptions. We can sanitgally simplify the com-
putation by assuming that all measurements pass througlspace cells iivl;, measure
an obstacle when reaching an occupied cell, and are re ewittch uniform probability
when traversing unmapped cells. We furthermore assumetiapreviously unknown
cells contribute to a change of entropy. This is clearly het ¢ase but the uncertainty
reduction of such cells given a measuremetypically dominateDH(M;;z). This can
be seen from the de nition of a cell's entropy in Equation2B). Observe that the en-
tropy of a cellc reaches its maximum &(c) = 0:5, that is, when the state of the cell is
unknown.

Under these two assumptions, we can ef ciently approximaggiation (5.30) so
that it can be computed online—which is important for exatmm tasks. We deter-
mine DH (M; 2) directly by performing ray-casting operations at the pbériew point.
Given the assumptions mentioned above, the reduction no@nonly depends on the
number of unknown cell encountered along the rays and onhhege in entropy that
is caused by measuring an unknown cell. We can derive thistiairectly from the
sensor model.

Tabletop Exploration

We applied the approach presented above to the task of @xplartable top. More
speci cally, the task is to generate a hierarchical 3D madete ned in Section 5.3.4.
We assume that the environment contains at least one tatilesame objects to be ex-
plored. We furthermore assume that a table can be detectad imtial measurement
and that all relevant objects can be suf ciently measurediboying the robot around the
table.

We follow the approach given in Algorithm 5. The viewpointhgaing method is
summarized in Algorithm 6. From the initial model, we seldet closest unexplored
table as our area of interest. To generate explorationtsaggeund the selected table, we
rst estimate the traversable area. Since the robot's baseeson the ground only, we
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Algorithm 6 Tabletop Exploration Viewpoint Sampling
Input: M;; current 3D map

r; sampling radius
Output: V ; set of viewpoints

table ndNearestUnexploredTab{/)
Mray  COmMputeTraversab(®h)
V  sampleTableViewpoin(sy ay;tabler)

project all obstacles from the 3D model onto a 2D traverggiglid mapmyay. This is
similar to the approach presented by Stramdl. (2008). We then sample a s¥t of
robot poses from the traversable area around the seledikditaa given radius. The
radius is speci c to the environment and the sensor, in opeerents we used a radius
of 2m.

To compute the cost of exploring a target we estimate thelktane from the robot's
current pose to the target location. This can be done eftyamsing the traversability
mapmyay and a path-planning algorithm suchAs

5.5. Evaluation

The mapping approach presented in this chapter was evdluaieg several real world
datasets as well as simulated ones. The experiments wagneedo verify that the

proposed representation meets the requirements forrduiatéhe introduction, more

speci cally, we demonstrate that our approach is able tqadily model various types
of environments and that mapping is ef cient. Furthermave evaluated our hierarchical
mapping framework with respect to memory consumption,inugtand mapping results
in the presence of changes in the environment. In a simutatddtop environment we
evaluated the exploration system introduced in Section 5.4

5.5.1. Sensor Model for Laser Range Data

The datasets have been acquired using laser range ndehsasuthe SICK LMS or
the Hokuyo 30LX and we used stereo cameras with projectadreexn the tabletop
experiments. Our 3D map representation can be used withiadyok distance sensor,
as long as an inverse sensor model can be learned. We empkgnalased inverse
sensor model which assumes that endpoints of a measureoreesmond to obstacle
surfaces and that the line of sight between sensor origineadgoint does not contain
any obstacles. The occupancy probability of all volumeshigalized to the uniform
prior of P(c) = 0:5. To ef ciently determine the map cells which need to be updaa
ray-casting operation is performed that determines vaelsg a beam from the sensor
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sensor surface

sensor surface

Figure 5.10: A laser scanner sweeps over a at surface at a shafigie &y rotating. A cell
measured occupied in the rst scan (top) is updated as free in the follogdag
(bottom) after the sensor rotated. Occupied cells are visualized as gray, bee
cells are visualized in white, measurement beams are shown in red and blue.

Figure 5.11: A simulated noise-free 3D laser scan (left) is integrated int8@umap structure.
Sensor sweeps at shallow angles lead to undesired discretization &feadtsy). By
updating each volume at most once, the map correctly represents thenemsiro
(right). For clarity, only occupied cells and laser endpoints are shown.

origin to the measured endpoint. For ef ciency, we use a 3bava of the Bresenham
algorithm to approximate the beam (Amanatides and Woo, 198@lumes along the
beam are updated as described in Section 5.2.2 using tbeviiod] inverse sensor model:
8
< locc If beam is re ected within volume

L(cjz)= . | (5.31)
 lyee If beam traversed volume

Throughout our experiments, we used logOdds valudgefE 0:85 andlgee = 04,
corresponding to probabilities of Dand 04 for occupied and free volumes, respectively.
The clamping thresholds are setlfg, = 2 andlqhax= 3:5, corresponding to the prob-
abilities of Q12 and 097. By lowering these thresholds, a stronger compressiomean
achieved but this obviously trades off map con dence for pantness.

Discretization effects of the ray-casting operation caleo undesired results when
using a sweeping laser range nder. During a sensor sweep avsurfaces at shal-
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Figure 5.12: A small-scale indoor environment with two oors connected lsyaircase. Left:
Photo of the environment. Right: Visualization of a 3D map computed from senso
data.

low angles, volumes measured occupied in one 2D scan may besthas free in the
ray-casting of following scans. This effect is illustrated=igure 5.10. Such undesired
updates usually creates holes in the modeled surface, asishahe example in Fig-
ure 5.11. To overcome this problem, we treat each sensompsagea single 3D measure-
ment in our mapping approach. We update each voxel in the mag@st once per 3D
scan. Since measurements of laser scanners usually resuitd ections at obstacle sur-
faces we make sure that the voxels corresponding to endpaiatupdated as occupied.
More precisely, whenever a voxel is updated as occupieddicgpto Equation (5.31) it
is not updated as free in the same measurement update of theByapdating the map
in this way, the described effect can be prevented.

5.5.2. 3D Models from Real Sensor Data

In this experiment, we demonstrate the ability of our appho® model environments
using real sensor data. A variety of different datasetses us

Two indoor datasets were recorded using a Pioneer2 AT phatEquipped with a
SICK LMS 291 laser range nder on a pan-tilt unit, the robot ®wn in Figure 6.13
on page 165. Odometry errors were reduced using 3D scan imgtchhe rst dataset
was recorded in a small-scale indoor environment desigaedtest environment for hu-
manoid robots, see Figure 5.12. The environment featurésraase and two different
levels. The data set consists of eleven 3D measurementsleetcat different poses. Con-
siderable interpolation noise of the laser scanner at skdgps exists in the individual
scans. The second dataset was recorded in building 079 &rditmurg campus. This
building features a long corridor that leads to a number akeafooms, a 2D map of the
building is shown in Figure 2.7 on page 25. The robot travétke length of the corri-
dor three times and the resulting dataset consists of 6Gs@afurther indoor data set
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Figure 5.13: 3D map of the corridor of building 079 on the Freiburg camgmuseen from the top.
A robot traversed the corridor of the building several times to collect 3i3@edata.
Rooms have been partially observed through open doors and glass pdaeped
area: 438m 182m 3:3m.

Figure 5.14: A tabletop (left) and a visualization of its 3D model (right).
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Table 5.1: Mapping experiments

| Experiment | Dataset | Mapped Area [m®] | Resolution [m] |
A Humanoid environment 35 52 17 0.05
CB: Freiburg building 079 | 438 182 3.3 Oboi
D . 0.20
E Freiburg campus 292 167 28 0.80
F 0.20
G New College (Epoch C) 250 161 33 0.80

was recorded using a Hokuyo 30LX laser range nder on a panstit, see Figure 5.14.
Here, the environment consists of a tabletop with severjaiotd

A fairly large outdoor dataset was recorded at the computégnee campus in
Freiburg (Steder and Kimmerle, 2010). It consists of 81 eéi3 scans and covers
an area of 292m 167 m. In addition, we used laser range data of the New Collatge d
set (Smith et al., 2009). This data was recorded in a largke stitdoor environment with
two laser scanners sweeping to the left and right side ofdbetras it advanced. For this
dataset, an optimized estimate of the robot's trajectonegated by visual odometry was
used (Sibley et al., 2009).

A visualization of the resulting models is shown in Figuréto Figure 5.15. Note
that the free space is not visualized in the gures but isespnted in the model. It
can be seen, that our approach is able to model detailedrirsdenes as well as large
outdoor environments. The sensor fusion approach presentkis chapter successfully
integrated data from multiple measurements and sensa isdindled probabilistically.
Interpolation effects, which are especially pronouncedata of the SICK LMS 291, are
mitigated by the probabilistic estimation: Veil points tleacur in freespace do not lead
to obstacle cells in the nal 3D model.

5.5.3. Memory Consumption

In this experiment, we evaluated the memory consumptionuofapproach. Several
datasets were processed at various mapping resolutionsvekmiew of the experiments
is givenin Table 5.1. We compared the memory usage of oueseptation to the amount
of memory that a minimal 3D grid would require if it was stor@tearly in memory.
To evaluate the lossless compression method introduceddtid® 5.2.4, we processed
each dataset with and without map compression. Each maptiefmore written to
disk using the binary format described in Section 5.2.4. fdseilting le size is then
compared to the size of les generated using a straightfodveacoding that stores all
voxel probabilities.

The results of the evaluation are given in Table 5.2. It casema that the compressed
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Figure 5.15: Visualization of octree maps of two outdoor environments atutesn of 0.2m.
Top: Freiburg campugmapped area: 292m167m 28m), bottom:New College
dataset(mapped area: 250m161m 33m). For clarity, only occupied volumes

are shown with height visualized by a color coding.

Table 5.2: Memory consumption

Experiment Memory consumption [MB] File size [MB]

Full grid No compression Lossless compressiohll data Binary
A 1.03 1.91 1.38 0.54 0.02
B 80.54 73.64 41.70 15.80 0.67
C 10.42 10.90 7.25 2.71 0.14
D 654.42 188.09 130.39 49.75 2.00
E 10.96 4.56 4,13 1.53 0.08
F 637.48 91.43 50.70 18.71 0.99
G 10.21 2.35 1.81 0.64 0.05
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octree data structure is signi cantly more compact than ag8id. High compression
ratios can be achieved especially in large outdoor enviens Here, pruning will merge
considerable amounts of free space volumes. On the othdy tiremap structure is also
able to model detailed indoor environments with moderatenorg requirements. In
very con ned spaces, such as the environment we mapped eriexgnt A, an optimally
aligned 3D grid may take less memory than an uncompresseeeociNote however,
that the size of the environment has to be known in advancetli@ee this result. In
practice, this will rarely be the case and a larger 3D grid idiaherefore be initialized
during mapping. Our approach, on the other hand, initialiaely those voxels that
are used during mapping and does not require the extend ehth@nment to be known.
Furthermore, the difference in memory requirement is dishied as soon as compression
techniques are used.

We analyzed the relation between memory usage and mapolytien at the exam-
ple of the Freiburg campus dataset. The memory requireniemaps at several different
resolutions is shown in Figure 5.16 (top). Please note thagaithmic scaling is used
in the plot. It can be seen that memory usage increases exjahewith the tree resolu-
tion. This relation is expected and, in fact, any grid-ba3®@dnap will exhibit the same
property: If the minimal voxel size is halved, eight cubes aecessary to map the same
volume that was previously modeled by one voxel.

For the 079 corridor dataset we analyzed the evolution of amgroonsumption as
the map was created, see Figure 5.16 (bottom). The robobrexphew areas up to
measurement number 22 and then again from measurement nGSbe 44. In the
remaining time, previously mapped areas were revisitedraechory usage remained
nearly constant during this time. A slight increase carh s&lnoticed which is due to
new information gathered by scanning from different viewps

In Table 5.2, we additionally compare the le sizes of our mmaxm likelihood bit-
stream encoding, denoted as “Binary”, to the le sizes of thi grobability encoding
(“All data™). Map les generated using the proposed bitsire encoding are compara-
bly small. For example, the 3D model of the Freiburg campuasesd, including free
and unknown areas, requires 2 MB while its visualization &Daimage le, shown
in Figure 5.15, uses 816 kB. Note that map les can be compdesgen further by using
standard le compression methods.

5.5.4. Runtimes

In this experiment, we analyzed the time required to intiegrange data into our 3D
map structure. We processed the Freiburg building 079 efateth a maximum sensor
range of 10 m and the Freiburg campus dataset at maximumgan§® m and 10 m. We
measured the average time to insert 100,000 beams on &f Gues ™ i7 950 3.07 GHz.
The results for several mapping resolutions are given inrei¢.17.
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Figure 5.16: Top: relation of resolution and memory usage shown for #ibufg campus dataset.
Note that a logarithmic scaling is used. Bottom: Evolution of the memory usage
while mapping the FR-079 corridor dataset at a resolution of 0.05m.
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Figure 5.17: Average time to insert 100,000 data points of the Freiburg cadgiaset with a
maximum sensor range of 50 m, of the same dataset with a maximum range of 10 m,
and of data from the building 079 dataset at a maximum range of 10 m. Nota that
logarithmic scale is used.

The results show, that the insert time depends not only onuheber of endpoints in a
measurement, but also on the mapping resolution and on tiige 1@ the measurements.
This is a consequence of the beam-based sensor model thaiplyerathe update: the
longer the beam, the more cells need to be updated along &me. Behe same is true for
the map resolution: the higher the resolution, the more ee# hit along a measurement
beam.

In our experiments, a single 3D scan usually consist of aB6100 measurements
and the time to acquire the data using a laser range nger amnatift unit is about 6 s.
Typically, such a scan can be integrated into the map in kessane second, in indoor en-
vironments the update time will often be in the order of Ofbsexample for a maximum
beam length of 10 m and at a mapping resolution of 0.1 m. Evémlamg measurement
beams and high map resolutions, updating the map will na kakger than a few sec-
onds on a standard desktop computer. For this reason, dateedategrated online and
our approach is well suited for collision avoidance and aatoous exploration.

5.5.5. Hierarchical 3D Maps of Tabletops

In the next set of experiments, we evaluated the hierarcmeg structure introduced
in Section 5.3. The experiments are designed to show thattaiaing a hierarchy of
maps is more ef cient than modeling the environment in a lgrgjobal map. Further-
more, we show that our map hierarchy adapts to changes imti@ement.
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Figure 5.18: Experimental setup. A PR2 robot measures objects on asailédta stereo camera.

The rst experiment compares the hierarchical map to a dlotmnolithic map in the
context of object modeling. The goal is to model objects oalkdet at a high resolution.
We used a Willow Garage PR2 robot to acquire 3D measuremaetsphot is equipped
with a stereo camera and a texture projector to improvestguality. The experimental
setup can be seen in Figure 5.18. Please note that the mdsgpyroach is not limited
to stereo images and could be applied using any 3D rangerssaundo as a tilting laser
scanner or similar devices.

Two sets of objects, shown in Figure 5.19, were scanned bgswg the stereo camera
across the table top scene taking 20 overlapping dens@ steages each. The objects
depicted in Figure 5.19 b are considerably larger than tebeen in Figure 5.19 a. The
measurements were integrated into a 3D model as introduc8&edtion 5.3.4. In the
hierarchical map, the resolution was adapted using therstzrabels of the map nodes.
In all experiments, map nodes with the labable andbackground were mapped
at a resolution of 20 mm and 50 mm respectively, these valtes@nmonly used in
navigation. Nodes with the labebject were mapped at various different resolutions
of 1 mm, 2mm, 4mm, 8 mm, and 16 mm. A visualization of the réisglinodels at an
object resolution of 2 mm can be seen in Figure 5.19.

For comparison, all measurements were also integratea@isitogle monolithic octree
map, using the approach presented in Section 5.2. In thés sagmentation was ignored
and the map resolution was set to the resolution used faslijeet class.

Each mapping experiment was repeated ve times on an®i@@efe™ i7-based desk-
top computer. A comparison of memory consumption and olvaratime can be seen
in Figure 5.20 and Figure 5.21. Please note that a logarttiscale is used in the plots
showing the memory consumption. A mapping resolution of 1eooid not be evaluated
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b)

Figure 5.19: Photos of two tabletop scenes and visualizations of the resuliichgs. a: themall
objectsdataset. b: thbig objectsdataset. In the visualizations, objects are shown in
cyan, the table is displayed in magenta and yellow voxels represent thgrbank.

An object mapping resolution of 2 mm is shown. Voxels with an occupandygpro
bility of less than 0.5 are considered freespace and are not visualized.
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Figure 5.20: Memory usage of hierarchical tabletop models. Left: moddlseafmall objects
dataset, right: results using thé objectsdataset. Note that a logarithmic scale is
used in the plots. At an object resolution of 16 mm the monolithic map consumes

slightly less memory since our implementation of the hierarchical map represents th
table class at a xed resolution of 10 mm.
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Figure 5.21: Runtime to integrate all measurements. Left: results usirggriak objectslataset,
right: results using thbig objectsdataset.
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using monolithic maps since they would have required in tigeoof 10 GB of memory
which exceeded the capability of our computers. From thalte# can be seen that
the hierarchical model consumes signi cantly less memany & updated signi cantly
faster. At ne resolutions the monolithic map is about ondesrof magnitude bigger
and it takes about one order of magnitude longer to competentbdel compared to our
hierarchical map.

This increase in ef ciency is a direct consequence of thallaclaptation of mapping
parameters, in this case the mapping resolution. As we Hawe@rsin the experiment
in Section 5.5.3 and Section 5.5.4, the memory and runtimeirements of a 3D map
depend on the mapping resolution. While the size of the abgead therefore the mapped
volume has a notable in uence both on runtime and memorywwoipsion, the resolution
is dominates the complexity of the models. By adapting thelu¢isn of each submap
in the hierarchy, so that only the objects on top of the talbderaapped at the target
resolution, we can signi cantly increase the overall eéocy of the mapping approach.

5.5.6. Modeling Non-Static Environments

As in the previous experiment, the task is to model object t@ale. Unlike the previous
environment, however, the environment was not static bigtodbare added and removed
from the scene. This experiment is designed to show thatepresentation is able to
adapt to changes in the environment. We applied our higicimapping approach to
generate a 3D map and compared it to the results obtained asimgle map.

Measurements of two objects were taken in the sequenctadtad in Figure 5.22. The
rst object, a power supply, is measured and integrated thekomap. Then, the second
object, a tube, is placed in the scene so that it partiallyugles the rst object and then
the scene is measured again. Finally, six measurementsakereafter the power supply
was removed from the scene. All measurements are integrdated hierarchical model
where the objects, the table and the background were mapg@edeaolution of 2 mm,
10 mm, and 50 mm respectively. For comparison, the measmtemere also integrated
into a monolithic map at a resolution of 2 mm.

From the visualization of the resulting models shown in FegbL22, it can be seen that
the monolithic map was unable to fully adapt to the changdkenenvironment. Both
mapping approaches correctly modeled the environmentrasde objects were added
to the scene. However, the monolithic map was unable to epgtiatcells representing
the power supply once they were occluded by the tube. Sintieisrmodel all voxel
occupancy probabilities are estimated independentljuded cells remained occupied
after the power supply was removed from the scene.

The hierarchical model, in contrast, was able to repredenetvironment correctly.
The use of submaps in our model allowed us to remove the gameing map node
completely. By maintaining a probability of existence fockeaode according to Equa-
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a) Photos of scene

b) Measurements integrated into monolithic map

c) Measurements integrated into hierarchical map

Figure 5.22: Experiment to evaluate mapping in non-static environmentseae$measured in
experiment 5.5.6, from left to right. b: Visualization of the mapping resultsindta
using a monolithic model at a resolution of 2 mm. Colors correspond to voigithe
c: Visualization of a hierarchical model of the scene with an object resalwio
2mm.
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() (b)

(€)

Figure 5.23: Tabletop exploration experiment. a) Simulated 3D environmenYiet) points
generated during exploration (discs) and chosen sensing locatioaggar c) The
nal model generated autonomously. Objects are modeled at a resolutmof,
the table top is modeled at 10 mm. Background voxels and free space voxels a
omitted in the visualization in the visualization for clarity.

tion (5.19), we model the dependency of individual map osltein a map node proba-
bilistically. This can be seen as a “common fate” assumptidthough the occupancy
of each map cell is estimated individually, all cells areoassted to the same map node.
After the existence probability of the map node representie power supply fell be-
low a threshold of 0.5, it was removed from the model. Thisesxpent shows that
in non-static environments it can be an advantage to use astnagiure that encodes
hierarchical dependencies.

5.5.7. Object Exploration

To illustrate the tabletop exploration algorithm introdddn Section 5.4, we simulated
a PR2 robot using the Gazebo 3D simulator. The environmeriarad a table with a
number of objects, it is shown in Figure 5.23 a. During exgion, the robot maintained
a hierarchical 3D map to represent the objects, the tabtettenbackground structures.
An exemplary run of the system is depicted in Figure 5.23 lber?dn initial measure-
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ment, the table plane was detected. Then, potential viewgpaiere generated from a
traversability map and a series of view poimtsvere chosen based on our information-
based evaluation method. The resulting model is visuaiizédgure 5.23 c. The robot
successfully mapped the objects on the table. The only rengaunmapped space is
located within the simulated cups and this volume could ranieasured by moving the
robot due to its sensor setup.

5.6. Related Work

Three-dimensional models of the environment are a key guésie for many robotic sys-
tems and consequently they have been the subject of redearobre than two decades.

A popular approach to 3D mapping is to discretize the enwiremnt using a grid of cu-
bic volumes. The state of these volumes is then estimatestilmassensor measurements,
Roth-Tabak and Jain (1989) as well as Moravec (1996) preseaity works using such
a representation. A major drawback of rigid grids is theigéamemory requirement.
The grid map needs to be initialized so that it is at least gsabithe bounding box of
the mapped area, regardless of the actual distribution @f ceds in the volume. The
memory requirement of the grid becomes prohibitive in lesgale outdoor scenarios
or when ne resolutions are needed. Furthermore, the exiketite mapped area needs
to be known beforehand. In exploration tasks, for exampleh «knowledge cannot be
assumed.

A discretization of the environment can be avoided by stp8D range measurements
directly. The occupied space in the environment is then teaddey the 3D point clouds
returned by range sensors such as laser range nders oo si@ngeras. This point cloud
approach has been used in several 3D SLAM systems such asgtesented by Colet
al. (2006) and Nuchteet al. (2007). The drawbacks of this method are that neither
free space nor unknown areas are modeled and that senseramulsdynamic objects
cannot be dealt with directly. Thus, point clouds are onlifadile for high precision
sensors, in static environments, and when unknown areastdterd to be represented.
Furthermore, the memory consumption of this represematioreases with the number
of measurements which is problematic as there is no uppercou

If certain assumptions about the mapped area can be ma@eg@ps are suf cient to
model the environment. Typically, a 2D grid is used to stbheerheasured height for each
cell. In its most basic form, this results in an elevation mégere the map stores exactly
one height value per cell (Hebert et al., 1989). One approaarich such maps have
been demonstrated to be suf cient is the outdoor terraingzgion method described by
Hadsellet al.(2009). Whenever there is a single surface that the robotfaseavigation,
an elevation map is suf cient to model the environment, siogerhanging obstacles that
are higher than the vehicle, such as trees, bridges or uasksp, can be safely ignored.
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The strict assumption of a single surface can be relaxeddyialg multiple surfaces per
cell, as proposed by Triebet al. (2006), or by using classes of cells which correspond to
different types of structure as presented by Gutretrai. (2008). A general drawback of
most 2.5D maps is the fact that they cannot store free or wmkraweas in a volumetric
way. A related approach was proposed by Ryde and Hu (2010)y Stioee a list of
occupied voxels for each cell in a 2D grid. Although this esEmtation is volumetric it
does not differentiate between free and unknown volumésieit

Octrees have been used in several previous approaches.aVbigyone of the main
shortcomings of grid structures: They delay the initigima of map volumes until mea-
surements need to be integrated. In this way, the extenteofrthpped environment
does not need to be known beforehand and the map only conaiumses that have
been measured. The use of octrees for mapping was origip@jyosed by Meagheat
al. (1982). Early works mainly focused on modeling one Booleaperty (Wilhelms
and Van Gelder, 1992). Payeetral. (1997) used octrees to adapt occupancy grid map-
ping from 2D to 3D and thereby introduced a probabilistic veiynodeling occupied
and free space. A similar approach was used by Foustiat. (2007) and Pathalkt
al. (2007). In contrast to the approach presented in this chambgvever, the authors
did not explicitly address the problems of map compressioboainded con dence in
the map. An octree-based 3D map representation was alsoggoy Fair eldet
al. (2007). Their map structure call€deferred Reference Counting Octrsedesigned
to allow for ef cient map updates, especially in the contekiparticle Iter SLAM. In
contrast to our approach, lossless compression of treex described. Instead, a lossy
maximum-likelihood compression is performed periodicafurthermore, the problem
of overcon dent maps and multi-resolution queries are rmotrassed.

Yguelet al. (2007b) presented a 3D map based on Haar wavelets. Thisegpation
also allows for multi-resolution queries and it is probai¢. However, the authors did
not evaluate applications to 3D modeling in-depth. In teealuation, unknown areas are
not modeled and only a single simulated 3D dataset is usedth&thilnis map structure
is as memory-ef cient as octrees is hard to assess withathiduanalysis.

Surfels (Habbecke and Kobbelt, 2007) have recently beethsisscessfully in the con-
text of object mapping (Weise et al., 2009; Krainin et al1@pbut they only represent the
surface of obstacles. Free space or unknown volumes caanmepbesented and for this
reason they are based on strong assumptions about thepmrdasg environment. In
mobile manipulation scenarios, for example, knowledgeuatiee free space is essential
for safe navigation.

A number of previous approaches use a hierarchy or colleafomaps instead of
one global map. Popular methods represent objects basedllections of 2D grid
maps (Anguelov et al., 2002; Galindo et al., 2005). Petrayalet al. (2007) represent
movable objects in a 2D map at a high resolution while the beaknd is represented at a
coarse resolution. Douillaret al. (2010) combine a coarse elevation map for background
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structures with object voxel maps at a higher resolutioneidgsm 3D segmentation. In
contrast to our hierarchical approach, they do not orgasudenaps in a hierarchy and
they do not integrate multiple measurements into the model.

There exist several methods that consider semantic intavman the context of 3D
mapping. Nichteet al. segment and classify 3D point clouds to improve scan registr
tion (2006) and to detect objects (2008). Rugual. (2008) analyze segmented point
clouds to derive functional properties of the environmerd ihousehold context. These
approaches, however, are based on a point cloud reprasantahich has the disadvan-
tages discussed above.

Our mapping approach assumes known sensor origins. Tawatethe pose of a 3D
sensor, several techniques have been proposed. Typisadlly, methods align 3D mea-
surements, detect loop closures, and perform global opditioin of the sensor poses. To
align 3D laser data, the iterated closest point (ICP) algorits a popular method and is
the basis of the approaches of Celeal. (2006) and Nuchteet al. (2007). Evaluations
have shown that if precise 3D sensors are used then thisigeeis able to determine
sensor poses up to precision of a few millimeters (Mullel.e&06). To align images of
monocular cameras, stereo cameras, or depth camerasetestich as the Scale Invari-
ant Feature Transform (SIFT) (Lowe, 2004) and its variangsusually extracted from
the images. Matching features are then aligned over cotigedtames. An approach to
extract 3D information from monocular cameras was preseoyeDavisoret al. (2003).

A 3D SLAM approach that uses SIFT to align 3D measurement&pftdcameras was
presented by Henrgt al. (2010).

Several previous approaches addressed the problem ahg8&tmaps autonomously.
As one of the rst, Whaite and Ferrie (1997) have presentedognaach to map objects
in 3D by reducing the uncertainty of the map. In contrast torttethod presented in this
chapter, they maintain a parametric representation ofcolsjgrfaces. An approach to
create 3D maps of buildings was presented by Surnediah (2003). To determine sens-
ing locations they apply a variant of the frontiers approacbkeveral horizontal slices
of the 3D map. Similar to our approach, they evaluate viemgdiased on the expected
information gain. However, they use 2D ray-casting to eatenthis quantity while our ap-
proach uses 3D ray-casting in a volumetric representafiohoet al. (2007) introduced
a similar system that performs 3D ray-casting but is basea 2/D representation. De-
termining the next best viewpoint is related to the probldraative object recognition.
Here, a number of known objects have to be localized in the@mwent. An overview
of solutions to this problem was given by Duégal. (2004).
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5.7. Discussion

In this chapter, we presented a technique to model 3D enwvienits ef ciently. Three-
dimensional maps are relevant for several robotic tasksdimy navigation, exploration,
and mobile manipulation. Our mapping approach meets thwatsglt models the envi-
ronment probabilistically, it represents unmapped am@adjt is ef cient both in runtime
and in its memory requirement. We use probabilistic occapastimation to integrate
sensor measurements and to represent free space as wekresvarareas. Map data
is maintained in octrees which facilitates multi-resaatimap queries and leads to a
compact memory representation. As as key contributionptbposed approach uses a
bounded per-volume con dence. In this way, the map can attaphanging environ-
ments quickly and the bounded con dence allows for a losstesnpression scheme that
substantially reduces memory usage. In our evaluationg@upression method reduced
the memory requirement by up to 45% compared to an uncongmresap. In outdoor
scenarios, a 3D occupancy grid map took more than ten tineesnttount of memory that
was required by our approach.

Furthermore, we extended our mapping approach to a higrafabctree maps. Most
previous approaches maintain a single map that encodesthgete environment. Our
hierarchical approach, in contrast, maintains a tree ofpeddent 3D submaps that is
based on a user-de ned spatial relation. In this way, theahaéhy is able to encode de-
pendencies in the environment, for example, objects tleasapported by planes. Com-
pared to a single global map, our hierarchy of maps offersmam advantages. First,
the mapping parameters such as the resolution can be adaptsth submap. Second,
submaps can be manipulated independently. For examplecameepresent movable
objects in submaps and then transform these object mapgendently from the scene
background. In addition to the formal description of the négrarchy, we presented
a speci ¢ implementation for tabletop manipulation tasks.this setting, objects on a
table are mapped at very ne resolutions while the table aaakfround structures were
mapped at lower resolutions. This approach led to modetsitbee about an order of
magnitude more compact than a single map that representsitmglete scene.

Finally, we presented an information-driven exploratidgoathm that generates 3D
models autonomously. To determine and evaluate potergredisg locations, the ap-
proach exploits the knowledge about unmapped areas thatagled in our 3D represen-
tation. Our approach iteratively selects measurementitmtato reduce the uncertainty
in the model. This application demonstrates that our mapgpproach is well suited for
autonomous mapping systems.

We evaluated our mapping approach using both real-worldsandlated data. The
results demonstrate that our approach is able to model tieoement in an accurate
and ef cient way. Our evaluation also shows that in a taletoenario a hierarchy of
maps consumes signi cantly less memory than a single 3D maptlzat the hierarchy



5.7 Discussion 143

can also be updated signi cantly faster. Moreover, we stbtiat the hierarchy is able
to adapt to changing environments by removing outdated rmdpsifrom the hierarchy.
In a simulated experiment we furthermore showed that a meatuhy can be generated
autonomously using our information-driven exploratiopgach.

5.7.1. Open Source Implementation

The approach presented in Section 5.2 has been made awaikhblself-contained C++
library under the BSD open source license. The library, dalletoMap, can be ob-
tained fromhttp://octomap.sf.net . It received a considerable uptake from the
scienti c community and has been used in a variety of appibhces, among others these
include 6D localization (Hornung et al., 2010), autonomaoasigation with air vehi-
cles (Heng et al., 2011; Mduller et al., 2011), autonomousgaion with humanoid
robots (ORwald et al., 2011), 3D exploration (Shade and Nawr011; Dornhege and
Kleiner, 2011), 3D SLAM (Hertzberg et al., 2011), 3D arm mtion (Ciocarlie et al.,
2010), semantic mapping (Blodow et al., 2011), and it has lbsed as a benchmark to
develop further 3D mapping techniques (Dryanovski et &IL® Stoyanov et al., 2011,
Huhle et al., 2011).






Chapter 6
ldentifying Vegetation from
Laser Data

6.1. Introduction

In Chapter 2, we presented a technique to coordinate tearobatisrbased on a segmen-
tation of the environment. We mentioned that a segmentai@onalso be obtained by
considering traversability information: Areas that aeérsable only by certain types of
robots form segments in outdoor environments. Such a segt@ncan then be used to
coordinate heterogeneous teams of exploring robots. $nctipter, we will present an
approach to reliably detect vegetation from laser data.

Most vehicles that navigate outdoors, such as transpomtatehicles, autonomous
wheelchairs, surveillance robots, or autonomous cars baen designed to drive on
streets and paved paths. Often such vehicles rely on curiimdar geometric features
to detect the boundary of the drivable surface. In case tleadares are not available or
the vehicle fails to detect them, it runs into the risk of iegvthe road. In many urban
scenarios, this leads to a situation where the vehicle tsageareas that contain vegeta-
tion such as grass. Traversing vegetation increases théhas the vehicle gets stuck
or that the wheel slippage is increased which leads to emattse location estimation
process. Both of these cases pose a danger to the safety gktams

This danger can be greatly reduced using methods to clasgfgurface terrain. By
predicting the terrain type, these methods enable the tolutstect drivable areas reliably
and therefore to plan safe trajectories. Terrain classiocais a well studied research
area in the eld of outdoor navigation. The goal of these apphes is to detect the
type of terrain using the sensors of the robot. Previousagmres used laser range
scanners to analyze the roughness of the environment (Maateal., 2001; Hebert and
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Vandapel, 2003; Wolf et al., 2005; Lalonde et al., 2006) oombination of cameras
and laser scanners (Manduchi et al., 2003; Wellington e2806; Bradley et al., 2007,
Douillard et al., 2008). Additionally, several authors baxvestigated vibration-based
classi cation (Sadhukhan et al., 2004; Brooks et al., 2006Pbnt et al., 2005; Weiss
et al., 2006). These previous approaches, however, sudfier & number of drawbacks.
Camera-based systems, for instance, are sensitive to changee lighting conditions
and, in particular, cannot be used in the dark. Vibratiogellesystem can reliably detect
the type of terrain that is currently being traversed buy tennot predict the terrain type
in front of the robot. Previous laser-based systems aretaliletect vegetation such as
trees and bushes but fail to reliably detect at vegetatioohsas freshly mowed lawns.
In this chapter, we introduce a novel laser-based terrassctation approach that is
especially suited for detecting low vegetation.

Most outdoor robots are equipped with laser range nders. Whaser range nd-
ers measure an obstacle, they return the distance to thisobdasLow vegetation poses
a challenge to terrain classi cation methods that depernelyson these measurements.
The variance in the measured distances is often small aisdttiauihard to differentiate
at vegetation from other at surfaces. However, most sassalso report the re ectivity
of the object surface. To measure surfaces, laser scanméraear-infrared light. The
surface re ectivity reported by the sensors thus also esq@s re ectivity in the near-IR
spectrum. From satellite image analysis it is known that4hRdight is strongly re ected
by chlorophyll, which is found in living plants (Myneni et.all995). In our approach,
we exploit this effect to detect vegetation in laser scarth®fobot's surroundings. Fig-
ure 6.1 shows an example of the classi cation result usifg distances measurements
(middle) and using our approach based on laser re ectivabttom).

The contribution of this chapter is an approach to relialdiedt at vegetation. We
formulate the detection of vegetation as a classi catioobgm. As inputs to this clas-
si cation problem we use individual laser measurementssigtimg of laser re ectivity,
the measured distances, and the incidence angles. In sttatarevious approaches, we
take into account the dependency of the distance and thgeimce angle on the laser re-
mission value. We apply a supervised learning method to &r@lassi er from example
measurements. We also provide a way to gather such traimitaginl a self-supervised
way and thus eliminate the need for manual labeling of tngm@xamples.

In the evaluation, we show that our approach can be used twatety map vegetated
areas and do so with a higher accuracy than standard te@swauich are based solely
on range values. In our mapping experiments, we evaluatgtpaolar sensor setups:
rotating laser scanners capturing 3D point clouds and Es@mners mounted at a xed,
downward-looking angle. We furthermore demonstrate thataser-based classi er can
be trained in a self-supervised way using a vibration-badasisi cation approach to
label training data. Additionally, we present experimentsch show that by applying
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street vegetation

Figure 6.1: Example of a street and an area containing grass (top) acal tipssi cation results
obtained using an approach based on range differences (middle)uaraproach
based on laser re ectivity (bottom). Shown is a bird's eye view of a 3Dhsufethe
area depicted at the top with a maximum range of 5m. Whereas points classi ed a
street are depicted in blue, points corresponding to vegetation are smgnaen.
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our approach robots that have not been designed to drivegaiateon are able to safely
navigate in structured outdoor environments such as parkaropus sites.

This chapter is organized as follows. After describing suppector machines, which
we use for classi cation, we present our approach to terckssi cation using laser re-
ectivity. In Section 6.4, we describe how training data daa gathered autonomously
using the output of a vibration-based terrain classi erct®m 6.5 describes the mapping
approach we use to integrate multiple measurements of the segion. We provide
a comparison of different sensors in Section 6.6. An altar@alassi cation method
for resource-constrained systems is presented in Secorir6Section 6.9, we present
the experimental results obtained with real robots naingahrough an university cam-
pus and neighboring areas. Finally, related work in the efderrain classi cation is
discussed in Section 6.10.

6.2. Support Vector Machines

To classify sensor measurements, we use a support vectdimegSVM). SVMs are
widely used for a broad range of regression and classi capimblems. We de ne a
classi cation problem as the task of assigning one of twospale discrete class labels to
an inputx 2 R" using a decision functiod:

y=d(x); y2f 1,+1g (6.1)

The SVM is a supervised method that learns a decision fumdigsed on a labeled
set of training datd) = f (x;;yi)g, where a target labgi 2 f 1;+ 1g is given for each
example inpuk;. Given this training data, the SVM determines a hyperplamaat by

f(x) = hwxi+b=0; (6.2)

wherew is the normal vector of the plane abhdlenotes the offset of the hyperplane from
the origin. To compute the class lalyedf a new input vectok, the SVM then uses the
following decision function:

f(X) = hwxi+b (6.3)
y sgr(f(X)) (6.4)

An illustration of a separating hyperplane is given in FgGr2. To determine a hyper-
plane that separates the training d&tawe have to choose the parameterandb such
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Figure 6.2: Data of two classes, shown as green and blue circles, etz by a hyperplane.
The hyperplane is depicted as a solid line and the dashed line illustrate its margin to
the data. Support vectors are shown as darker circles on the margin.

that

hwxi+b +1;8(x;yi)2D;y=+1 (6.5)
hwxi+b  1,8(x:yi)2D;yi= 1 (6.6)

which can be rewritten as
yi hwxi+ b +1; 8(x;y;) 2 D: (6.7)

If we assume that the training data is linearly separabés there is an in nite number
of parametersy andb that satisfy this constraint. The SVM computes the hypemptaat
best separates the training data by maximizing the mardimedfiyperplane. The margin
Is de ned as the minimum distance to the hyperplane of angitrg input. The distance

of an inputx; is given by
yehwixii + b, (6.8)
Jywjj

Note that minimizingjjwjj in the above formula maximizes the distance. For this
reason, the optimal separating hyperplane that maximiremargin can be constructed
by solving the constraint optimization problem de ned by

min w2 (6.9)
subject toy; (hw;xii + b)  1; 8(x;yi) 2 D:
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This can be alternatively expressed using Lagrange mieltga; as
1. 5 o :
Lp= Siwii* & ailyi (hwxi+b) 1 ai O (6.10)
i

where we minimize the system with respectwandb and maximize with respect to
theaj. There exist ef cient methods to solve this problem usingdpatic programming.
The solution can be expressed as a weighted sum of the gaiactors:

W= § aiyix (6.11)
i
It can be observed that only a small number oféhare non-zero and that therefore only
a small number of thi are relevant to the solution. These inpytare called the support
vectors. They lie on the margin of the separating hyperpéartesatisfy

yi (hwxii + b) = 1: (6.12)

Finally, the offset of the hyperplane can be determinedguamy of the support vectors
as:

b=y hwxi: (6.13)

So far, we assumed that the input data can be separatedylin®arseparate classes
that cannot be separated linearly, the SVM applies the Beddeernel trick: The training
data is rst mapped into a higher-dimensional feature speieg a kernel function. A
separating hyperplane is then constructed in this feagpase which yields a nonlinear
decision boundary in the input space. In practice, the Gamigsdial basis function
(RBF) is often used as a kernel function. It is given by

(x x92
k(xx9= e 22 ; (6.14)

wherel is the so-called length-scale parameter and de nes theagkhoothness of the
function.

There exist variations of the basic SVM-formulation that eobust against occasional
mislabeled training points. Among tho$&.SVM is a popular method. It de nes a soft
margin, that is, an additional parameter commonly denoge@ adjusts the trade-off
between maximizing the margin and minimizing the trainingpe A good overview of
machine learning techniques, including support vectormmes and their variations, can
be found in (Scholkopf and Smola, 2002; Alpaydin, 2004; Tdwalis and Koutroumbas,
2006).
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6.2.1. Class Probabilities

The decision function of support vector machines, as gimeBduation (6.4), yields a
class labely which is not a probabilityyy is either -1 or 1. In many cases, however, it
is desirable to know the uncertainty associated with th@wudf a classi er. One of
these cases is the terrain classi cation approach disdussthis chapter, where sensor
measurements are uncertain and this uncertainty is prtgzhg¢@a the classi cation re-
sults. Knowing the uncertainty associated with classi@atresults enables us to use
probabilistic model estimation methods as we will discusSection 6.5.

Several methods have been proposed to map the output of S¥Idasterior class
probabilities (Platt, 1999; Vapnik, 1998). Among thoseatPd method (Platt, 1999) is a
popular approach. It ts the posterior using a parametricdeloThe model is given by

P(y= 1j f)=(1+ exp(Af+ B)) 1; (6.15)

wheref is the output of the function given in Equation (6.3). ThegmaeterA andB are
determined using maximum likelihood estimation from artirag seff ( f;;y;)g consisting
of outputsf; and the corresponding class labglsFor details on the optimization step,
we refer the reader to the work by Platt (1999).

6.3. Terrain Classi cation Using Remission Values

The goal of our approach is to precisely identify those paftthe environment that
contain vegetation. It enables a robot to avoid vegetatioprbviding a classi cation
of terrain types in the surrounding of the robot. This prédicof terrain type around
the robot is achieved by measuring the surface using a fdreeking or rotating laser
scanner. Typical laser range ngers, such as the SICK LMS rema@nor the Hokuyo
UTM, emit light at a wavelength of 870 nm to 915 nm, which ishwitthe near-infrared
range. Near-infrared light is strongly re ected by chlohgt, which is found in living
plants (Myneni et al., 1995). We exploit this effect to idgnvegetation in measurements
of the robot's surrounding. Compared to an approach basedypom the geometric scan
point distribution, a far better classi cation accuracyndze achieved when we consider
the re ectivity of laser measurements. We will provide a quarison of both approaches
in Section 6.9.1.

Laser scanners do not provide a measurement of the surfaotivigy directly. In-
stead, they return a so called remission value that corneisptm the power received by
the sensor relative to the power transmitted by the laseweder, the remission value
returned by the scanner does not only depend on the matétiad eneasured surface,
but also on the distance at which it is hit. This can be seem fragure 6.3, which
shows the relation between the measured range and the immisdue for both vegeta-
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Figure 6.3: Left: typical remission measurements of a SICK LMS 291-S05tfeet (blue) and
vegetation class (green). Right: mean remission values for both classes.
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Figure 6.4: Visualization of sensor data in the 3D feature space. Thelmuotssdata recorded
using a SICK LMS 291-S05.
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Figure 6.5: Classi cation of the scene depicted in Figure 6.1 using a nkigsi@r that uses the
mean remission value (see Figure 6.3, right) to distinguish both classes.

tion and non-vegetation. There is an additional dependefitye remission value on the
angle of incidence (Baribeau et al., 1992). This can be se#meiwisualization of the
three-dimensional feature space consisting of remissabumey measured distance, and
incidence angle which is shown in Figure 6.4.

While the range and remission of each laser measurementdssble directly, the in-
cidence angles need to be estimated. This estimation, lesy@n be done in a straight-
forward way: Given a 3D scan, one can group neighboring eintipand compute the
eigenvalues of the covariance matrix obtained from thesetgao The direction of the
eigenvector that corresponds to the smallest eigenvalu@a®d estimate of the surface
normal. From the surface normal, the known mounting heidlth® sensor, as well as
the angle of the laser beam relative to the robot, the incid@mgle can be estimated.

The importance of considering all three features in thestlestion process is illus-
trated by the following experiment. We implemented a nalessi er, where measure-
ments are classi ed based solely on the remission value. difgated the average re-
mission value over all measured ranges and angles for basises in a set of example
measurements (see Figure 6.3). To classify new measurgmentompute the distance
of the corresponding remission value to those averages lamgeahe class with mini-
mal distance. The results obtained by this approach is Nzgghin Figure 6.5. Here, the
scene from Figure 6.1 was classi ed using only the mean raomsvalue for both classes
ignoring the range and incidence angle. It can be seen tisagproach generates a large
number of false positive vegetation detections. Theselassccations occur especially
in the near range of up to 3 m that is critical for robot navigat

It is worth mentioning that the measured difference in réiaty between vegetation
and other material is not due to the lighter appearance gbgrampared to, for example,
an asphalt street. In Figure 6.6, a SICK LMS 151 sensor is usedrhpare remission
data of an asphalt street and of grass to those of a surfaeeetbwith light tiles. These
tiles exhibit a visual brightness similar to grass. It cansken that the measured in-
frared re ectivity of the tiles is indeed higher than thosktloe asphalt street but it is
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Figure 6.6: Left: remission values of a SICK LMS 151 measuring vegetdtgir,tiles, and an
asphalt street. Right: examples of the measured surfaces.

still considerably lower than measurements of vegetati@n this reason it is possible to
differentiate these kinds of surface from vegetation usimgapproach.

6.3.1. Robust Terrain Classi cation Using an SVM

We detect at vegetation in laser measurements using a stppotor machine. Each
measurement consists of the measured range, an estimaiehice angle, and the mea-
sured surface re ectivity. These three features de ne #egdire space of the classi ca-
tion problem. We apply &-SVM using an RBF-kernel as introduced in Section 6.2.

The input to the learning algorithm is a labeled set of laseasnrements. Each data
point consists of a range measurement, incidence angleg eerdission value. By deter-
mining the separating hyperplane between both classeg itnaiming set, we implicitly
model the re ectivity characteristic for the street and @&gion class. There are two
parameters of the SVM that have to be chosen appropriateylength-scale parame-
ter| of the kernel as well as the soft-margin param&erTo optimize the parameters,
we perform a systematic grid search on the grid de ned by ldf 15;:::;3g and
log,C2f 5;:::;15g. The training is done of ine and the optimal parameters atd
mined using 5-fold cross validation. Once the classi er hasn trained, the model can
be used on any robot which is equipped with the same sensosimikar con guration.
More speci cally, the laser should be mounted so that it measthe surface at angles
and distances similar to those observed during the trapinage.
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6.4. Training Data from Vibration-Based Terrain
Classi cation

The SVM-classi er relies on a labeled set of example measerds during training. Our
approach avoids tedious hand-labeling of dense threerdilmeal data by using a self-
supervised training method. To generate training data dolaser-based classi er, we
utilize the output of a second, reliable and pre-trainegdsilar. This second classi er
uses a different sensor: It measures the vibration indutduki body of the robot while
it is traversing the surfaces. In this way, the terrain typedlly underneath the robot is
determined. As the robot is moving through the environmgmgenerates a 3D model
using the method described in Section 6.5. To acquire theingaset, each individual
3D scan point in the measurements of the robot is stored aldthigthe corresponding
remission value, incidence angle, and range value. Duhegtquisition of the train-
ing set the robot is manually steered so that it passes gyigcanned surfaces. The
previous measurements associated with these surfacdsearéabeled according to the
output of the vibration-based classi er, which is descdlzelow. Once enough laser
data are labeled in this way, they are then used to train gheostivector machine of the
laser-based classi er.

6.4.1. Terrain Classi cation Based on the Vibration of the Vehicle

We just described how a vibration-based classi er can be tisdabel training data for
the laser-based classi cation system. We will now desctiiie classi er in more detail.
Different types of terrain cause different recognizablégyas of vibration. Vibrations
can be measured, for example, by an inertial measuremeniMid) and can then be
used to classify the terrain the robot currently traverdéste that such vibration-based
classi ers do not allow the prediction of terrain classesaneas which have not been
traversed yet. Thus, itis useful for training, but canndustitute the laser-based classi er
presented in this chapter as it cannot predict the terrgia ty the area in front of the
robot.

In other works (Sadhukhan et al., 2004; Brooks et al., 200®,ddt et al., 2005; Weiss
et al., 2006), the terrain type of up to seven classes have tlassi ed successfully.
In our system, however, we only need to differentiate behwesgetation and streets
(non-vegetation). In our experiments, we use an XSens Mitigasure the acceleration
along the vertical axis of the robot. To analyze the specwbimibration frequencies, we
apply the fast Fourier transform to the raw acceleratiom.d@t discussion of the fast
Fourier transform can be found in (Cochran et al., 1967). Inadgorithm, a 128-point
fast Fourier transform is applied to capture the frequem®ctsum of up to 25Hz. In
Figure 6.7, we show an example of the characteristic frequspectrum induced by
grass (left) and asphalt (right).
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Figure 6.7: Examples of the characteristic frequency spectrum indycgbs (left) and asphalt
(right).

The frequency spectrum depends on the terrain type but alsbeodriving speed of
the robot. To account for this dependency, it has been stegjstrain several classi ers
at different speeds (Weiss et al., 2007). In our system, tiexyeve decided to instead
treat the forward velocity as a training feature. In additio this, we also consider
the rotational velocity to account for vibrations that dé$tom the skid-steering of the
Pioneer2 AT robot, which we used in our experiments.

We use &C-SVM with an RBF-kernel to classify the acceleration and viéyodata.
Our feature vector consists of the rst 32 Fourier magnitudgsyj, the mean forward
velocity v, and the mean rotational velocity of the robot over the sample period

q

(Re m)2+(ImFn)% m2f0;:::;31g (6.16)
fj Foj; 2 Faajs e 1 G; (6.17)

jFmi
X

whereF,, denotes the m-th Fourier component. Optimization of the Sydvameters
andC was done using grid search and 5-fold cross validation irsme way that we
described in Section 6.3.1.

In the experiments that will be presented in Section 6.8 ctassi er was trained by
recording short tracks of about 50 m at varying speeds bostreets and on vegetation.
We achieved an almost perfect classi cation accuracy with vibration-based approach.
Uncertain classi cation results are returned mostly at bloendary between different
terrains, for example, when the robot leaves a road and thtmsean area containing
vegetation. In this example, part of the robot is in factadhetraversing vegetation while
the other part is still situated on the street. This boundary, however, be detected in
a straightforward analysis of the sequence of measureairnesrtasses and we chose to
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ignore such uncertain measurements when generatingngatfata for the laser-based
classi cation.

6.5. Mapping Vegetation

The laser-based classi cation approach presented in teeiqus section predicts the
terrain type of individual laser measurements. We will nossatibe how these mea-
surements can be integrated into one consistent model amieonment. To create a
three-dimensional map of the environment that also stemeaih classes, we apply the
approach presented in Chapter 5. We use a 3D occupancy gridhaiagiscretizes the
environment using a regular grid. Each cell in this 3D gridatled a voxel and we esti-
mate the probability of each voxel being occupied by an atstdn the following, we
extend the basic grid map to store, in addition to the occeygahe probability of the
voxels to contain vegetation.

In general, voxels will be observed multiple times and wedneeprobabilistically
combine results from several measurements.F(et) denote the probability of voxeél
to contain vegetation and Ief; be the laser measurements taken at timet1\Wde derive
a recursive update rule f&(Vv' j z;1) analogous to the sensor fusion method introduced
in Section 5.2.2 on page 107 that is based on occupancy gnbing (Moravec and
Elfes, 1985). The vegetation estimate in each voxel is @obatcording to:

L1 PVl Pz 1) PO T

PV 21) = PViz) PMVizm D) 1 PV

(6.18)

To perform the update step, one needs to provide an invensersmodeP(V' j 2). This,
however, can directly be obtained from the estimated clesisgbilities of the classi er.
During the training phase, we apply Platt's method as dsedisn Section 6.2.1. The
posterior class probabilities computed using EquatiobS)6constitute an inverse sensor
model and in this way the uncertainty in classi cation is kxgy taken into account.

The prior probability of a voxel to contain vegetati®v') clearly depends on the
environment that the robot is operating in. In our systemwai$ set tdP(v') = 0:5 to not
prefer any class. This choice seems reasonable in an emardrthat contains as much
vegetation as non-vegetation, such as the one depictedune6.15, but can be adapted
if this is needed.

In Figure 6.8, a visualization of a three-dimensional markei be seen that was es-
timated using the approach we just described. To generestantbdel, we used data
recorded in one of our experiments (see Section 6.9.2). Tuwee also shows a 3D
model that was generated from range measurements onlyuivpleoforming any classi-
cation of terrain. Both models capture the geometric stouetof the environment but
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Figure 6.8: Visualization of a 3D model. Left: the output of our classi catippr@ach is shown
in green (vegetation) and blue (non-vegetation). We classi ed scatsaimaximum
range of 5m. Right: a 3D model from the same data that does not consider the
classi cation results, colors correspond to a height encoding. Both Imddee a
resolution of 0.1 m.

only the model that contains information about vegetatitowe to avoid such surfaces
ef ciently.
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6.6. Comparison of Different Sensors

Most laser range nders that are used on mobile robots are tabprovide range and
remission information and all of these sensors measurassfusing near-infrared light.
Thus our approach can be applied to data from any such sesnsmm@gas it provides re-
mission values. We evaluated three different laser scantiee SICK LMS 291-S05, the
SICK LMS 151, and the Hokuyo UTM 30LX. To gather example datderrcomparable
conditions, we mounted the sensors on a mobile robot at a aregle of 70° relative to
the ground and at a height of approximately 0.6 m. The sem@swltheir setup are shown
in Figure 6.9. We recorded example data by moving the robse i@rward so that the
sensors were swept over the surface. Two data sets wereeghfioe each sensor: one
set containing example measurements of an asphalt str@e@nather set that contained
measurements of grass.

The example data are depicted in the plots in Figure 6.10tHeosake of clarity, we
omit the estimated incidence angles in the plots and showathges and re ectivities
only. It can be seen that all sensors report a consideraghehire ectivity for the veg-
etation samples than for the asphalt samples. The LMS 2@tsafifie best separation
of the classes, especially in the near range, followed by M8 151. The two classes
overlap considerably in the measurements of the Hokuyo UTie near range of up to
approximately one meter. From the examples shown above;amnsee that all three sen-
sors can be used for vegetation detection but the clasgmcatccuracy may vary. The
example data of the SICK LMS 151 and the Hokuyo UTM show thatatrhe chal-
lenging to detect vegetation in the near range of up to 1 mHaitthese sensors provide
well-separated measurements beyond this distance. Boslorseare, however, smaller
than the SICK LMS 291 so the decision which sensor to use onemgystem will be a
trade-off between precision in the near range and sensar siz

6.7. Correction of Remission Values

The classi cation problem described in Section 6.3 wouldshlepli ed substantially, if
the remission values reported by the sensor could be cededth respect to the mea-
surement range and the incidence angle. For some laser rategs, the true re ectivity
can indeed be computed from the remission value. Accordiiktpte and Pfeifer (2007),
the relationship between the remissigp reported by an airborne laser scanner and the
true re ectivity r of the measured surface can be modeled as
r

I'mi = hatm cosa C; (6.19)
whereR denotes the measured ranfg,n is an atmospheric attenuation coef cieat;s
the incidence angle ar@is a factor that depends on the sensor.
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Figure 6.9: Sensors used in the evaluation.

It is important to note that this model assumes a constargssom power and a linear
mapping of incoming power to recorded remission values. Waied the proposed
correction to the data of the SICK LMS 291 shown in Figure 61d@). The result can
be seenin Figure 6.11. Here, we Bgtn= 1 andC = 1 since atmospheric effects can be
neglected for small ranges (H6 e and Pfeifer, 2007), énd a constant factor changing
only the slope of the correction. Unfortunately, the restilt depends non-linearly on
the measured range. A likely explanation of this result seenbe that the sensor does
not map the received power linearly to the output value. tofately, such details of
the internal computations of the sensor are not documeihteithe next section we will
present an alternative method to reduce the complexityeotidssi cation problem using
dimensionality reduction.
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Figure 6.10: Comparison of remission values of a SICK LMS 291-S05,(®gK LMS 151

(middle), and a Hokuyo UTM 30LX (bottom). Please note that these areqpiajs
of the full three-dimensional data sets since incidence angles are mat.sho
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Figure 6.11: Data of the SICK LMS 291 corrected using Equation (6.19).

6.8. Classi cation for Resource Constrained Systems

On systems with limited computational resources, such dsedded systems, applying
our online classi cation approach can be challenging. Tapss every laser beam online,
assuming a sensor update frequency of 36 Hz and 180 lasersh@mmeasurement,
we need to perform 6,480 classi cations per second. In othends, each individual
classi cation can take no longer than 0.15 ms. On systents stitctly limited resources,
the SVM classi er can be computationally too demanding taubed online.

The computational complexity of the SVM classi cation isvgoned by the evaluation
of the kernel and the potentially high number of supporteecto appropriately separate
the classes. Intuitively, the SVM will use more support westwhen the two classes
cannot be well separated linearly. To reduce the complefitize classi cation problem
in those cases where computational resources are limitecdpply linear discriminant
analysis (LDA) (Alpaydin, 2004). We use this method to pecbjihe three-dimensional
feature space (remission, range, and incidence angle) ttowne dimension such that
the two classes are best separated. As a further reductilba computational complexity,
we can then apply an ef cient linear classi er instead of a¥i\bto separate the classes.
The individual steps are explained in the remainder of tbtisn.

6.8.1. Linear Discriminant Analysis

Linear discriminant analysis (LDA) is a supervised dimensiity reduction technique.
In contrast to the similar principal component analysisALEdnsiders the labels of the
input data and seeks to estimate a reduced feature spacat soltlasses are best sepa-
rated. An illustration of a reduction frofR? to R is shown in Figure 6.12. Reducing the
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Figure 6.12: Reduction frorR? to R using linear discriminant analysis (LDA). LDA seeks to
separate the two classes (illustrated by green and blue) as well as possible

space to a one-dimensional one then allows to separateabses| using, for instance, a
naive Bayesian classi er.

We will now describe how LDA computes a reduced feature sfrace given training
data. LeK be the number of class€g in the training data ang thed-dimensional train-
ing inputs. Let furthermorebe the dimensionality of the target space. In our vegetation
classi cation problem, for example, we hake= 2 andd = 3 and in our experiments we
found a one-dimensional target spate (1) to be suf cient. The objective of LDA is
thento ndad t matrixW so thaty, = WTx with v; 2 Rt and so that the class€g are
separated best in terms of distances betweew;the

Let rii be an indicator variable with; = 1 if x; 2 C¢ andry; = O otherwise. Let
furthermoreny be the mean of thd-dimensional vectors; 2 C,. Then, the so-called
scatter matrix of clasSy is de ned as

S=ani i M mT; (6.20)

and the total within-scatter matrix is de ned as

Sw

g

(6.21)
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The between-class scatter matrix is de ned as
!

K
S=a ard m mm mT (6.22)
k=1 i
1K
with m= — g ng: (6.23)
Kk:1

Let us now consider the scatter matrices after projectiongud/. The within-scatter
matrix after projection i&VT SyW, and the between-class scatter matrix accordingly is
WTSW, both aret  t dimensional. The goal is to determiii¢ in a way that the pro-
jected means of the class@8 my are as far apart from each other as possible while the
spread of their individual projected class samples is smEtle determinant of a scat-
ter matrix characterizes the spread and it is computed agrttict of the eigenvalues
specifying the variance along the eigenvectors. Thus weaaimding the matrixW that
maximizes

WTSWj |

0 s,

(6.24)

The largest eigenvectors af\,lSB are the solution to this problem. We refer the reader to
Alpaydin (2004) for more details on LDA.

6.8.2. Classi cation Using Linear Discriminate Analysis

Given the projection computed by applying LDA to our tramidata, we are able to
reduce the feature space to one dimension. This enablesusetan ef cient linear
classi er to compute class probabilities for laser measwets. For each clag, our
method ts a Gaussian distributigo(x j Cx) using maximum likelihood estimation. Pos-
terior probabilities are obtained by applying Bayes' rule

P(Xj G p(Ci) |
a; p(xj G)p(G)’

wherep(G) is the class prior for clags;. Since in our case we have two classes and we
assume a uniform prior, this simpli es to

P(Ckix) =

(6.25)

p(xj Cy) _
p(xjC1)+ p(xjCy)’

P(Cicj X) = (6.26)
wherek 2 f 1;2g refers to the classes “vegetation” and “street”.

Note that this classi cation approach is signi cantly fasthan the SVM, but it is also
less powerful. Our evaluation in Section 6.9.6 shows thatrdésulting error depends on
the type of sensor and the measurement range. In our expesjnvee observed that
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the precision dropped from 99% down to 96% in the worst casepened to the SVM-
based classi er. However, the LDA-based system was arowodotders of magnitude
faster than the SVM. For this reason, there clearly is a trdflbetween precision and
classi cation runtime.

6.9. Evaluation

Our approach has been implemented and evaluated in sexpairaents. The experi-
ments are designed to demonstrate that our approach ingonawggation in structured
outdoor environments by enabling robots to reliably detegetation.

We used three different robot systems in our experimentsKggure 6.13). The self-
supervised learning approach is evaluated using an Activd/Bioneer 2 AT, which is
able to traverse low vegetation. It carries an XSens MTi IMUuneasure vibrations while
it traverses the terrain. For mapping large environmendisfanan autonomous driving
experiment, we use an ActivMedia Powerbot platform. Thistaannot safely traverse
grass since its castor wheels would sink into the softer gfalue to its weight, thus
blocking the robot. Both robots are equipped with SICK LMS S3®5b laser scanners
on pan-tilt units. Three-dimensional scans are gatherdadting the laser scanner from
50° upwards to 30° downwards. To perform navigation expenits and to evaluate the
SICK LMS 151 sensor, we used the EUROPA platform depicted gure 6.13 (right).
Just as the Powerbot, this platform cannot safely travesgetation. Furthermore, the
sensor is mounted at a xed angle on this platform.

In the evaluation we limit the classi cation to laser measuents with a range smaller
than 5.0 m. The approach itself is not limited in range asiekly models the depen-
dency of remission values on the range. However, long raatg are too sparse both
to reliably detect drivable surfaces and to gather trainiat@. The reason for this is the

Figure 6.13: Robots used in our experiments. Left: An an ActivMedia PBoatgyellow) and
an ActivMedia Pioneer 2 AT (red), both equipped with SICK LMS 291 laaege
nders. Right: The EUROPA platform equipped with a SICK LMS 151 senso
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coarse angular resolution of the laser scanners. The LMSf@0é&xample, has an angu-
lar resolution of 1° and at 5 m distance two adjacent measemesware already set 87 mm
apart. Additionally, the low mounting height of the senselative to the ground, which
is approximately 0.5m-0.6 m, results in very at incidenceykes at longer distances and
this leads to a weak remission response of the sensors atiges.

Throughout this work, we used tl&@SVM implementation of LibSVM (Chang and
Lin, 2001), Fourier analysis was performed using FFTW3 @&gd Johnson, 2005).

6.9.1. Comparison to Vegetation Detection Using Range Differences

Ina rstexperiment, we evaluated an approach that detesgetation based purely on the
range differences of neighboring laser measurements.siivigar to the algorithm pro-
posed by Wolkt al. (2005) but extends it to three-dimensional data. We impteetethe
method for the purpose of comparing its results to our pregasassi cation approach.

To identify vegetation in the surrounding of the robot, tddmensional data are ac-
quired by gathering a sweep of 2D scans. This can be achigveltifig the laser using
a pan-tilt unit or by moving the robot base in those cases et laser is mounted
at a xed angle. Typical laser scanners with a eld of view @QF return 181 or 361
range values per sensor measurement, depending on thearegdlution of the sensor.
From the range and angle measurements of each laser beammpateahe individual
2D endpointsp; = hx;;y;i. A local featured; is then determined for every scan poxt
depending on its neighboring scan point; as

di=x X 1 (6.27)

This feature captures the local roughness of the terraircope with at but tilted sur-
faces, we classify scans based on the absolute differendeb@tween adjacent range
measurements, as suggested by Manderchi. (2003)

fi = jdi di ll (6.28)

Since the density of the 3D data varies from near to far scamsalso consider the
measured range in the classi cation step. To predict thraitgrwe trained an SVM based
on these two features, the roughness representéddoyl the range of the measurements.

In our experiments, we achieve a classi cation accuracybafua 75% using the de-
scribed method. An example of the classi cation resultsloaiseen in Figure 6.1. Simi-
lar results have been reported by Bradé¢yal. (2007). As we will show in the remainder
of this section, our approach offers a substantially higiemuracy using the same type
of sensor.
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Figure 6.14: Visualization of the data we used to evaluate the laser-bagethtven detection
approach. Left: the training set which was used to train the classi er.tRilé test
set recorded at a different location. The output of the vibrationebakessi er we
used to label the data sets is shown in red/white and the classi cation reshk of
laser-based approach after training is shown in green/blue.

6.9.2. Vegetation Detection Based on Laser Remission

To evaluate our laser-based approach as introduced ino8eéx8, we recorded two sets
of data, a training set and a testing set. Both data sets wérergd by manually steer-
ing the Pioneer 2 AT robot through an outdoor environmentsistimg of streets and
areas covered with grass. Both data sets contain sample resasus of vegetation and
non-vegetation surfaces. The location of both robot ttajges on the Freiburg computer
science campus can be seen in Figure 6.15. To correct odoengidrs of the robot during
data acquisition, we employed a 2D SLAM approach (StachamskGrisetti, 2007) in
combination with 3D scan-matching. We recorded 3D scansoappately every 4 m and
stored range, estimated incidence angle, and remissioevalf every surface measure-
ment. While the robot was traversing the terrain, its IMU semseasured the vibration
of the robot's body. These vibration measurements weresick@susing the approach
described in Section 6.4.1 and were used to label the las®r Tlae data recorded at the
border region between streets and vegetation were ignared ge precise location of
the border cannot be determined using the vibration semertraining set is visualized
in Figure 6.14 a. It consists of 19,989 vegetation and 11s24#t sample measurements.
Based on this data, the laser-based SVM-classi er, as de=tin Section 6.3.1, was
trained.

We recorded separate test data at a different location foatesthe precision of the
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Table 6.1: Confusion matrix for Experiment 6.9.2 (number of data points)
vegetation| street
vegetation 36,300 138
street 4| 28,745

classi er. This data is visualized in Figure 6.14 b. The w=tcontains 36,304 vegetation
and 28,883 street measurements. Again, the labeling ofateewias carried out using
the vibration-based classi er. The previously trainecelaslassi er reached a recall of
99.6 % and a precision of 99.9% on the test data. The confusinix is given in
Table 6.1. Note that false positive classi cations, thathe classi er predicted the terrain
to contain vegetation when it was in fact a street, occurrdg 4 out of 28,749 times.
This result implies that a robot which is navigating on aestreill not take unnecessary
detours to avoid erroneous detections of vegetation. In swmresults show that our
approach is able to detect vegetation reliably.

6.9.3. 3D Mapping

In the previous experiment we evaluated the classi catibsingle laser measurements.
In contrast to this, we now present an experiment that usesntipping approach pre-
sented in Section 6.5 to detect vegetation in a large enviem. In this experiment, we
recorded data using the Powerbot robot at the computerceampus of the University
of Freiburg. The laser range nder of the robot was tilted txed angle of 20° down-
wards. The robot was then steered manually on the streete afampus. In this way,
a fairly large area was covered in less than 15 minutes. TiggHeof the trajectory is
490 m.

The laser-based approach presented in this chapter wasasletect vegetation in
a three-dimensional model of the environment. To properggrate multiple measure-
ments, we used the mapping approach described in Sectiavh@r® the cell size in the
model is 0.1 m. Compared to the previous experiment, we dédmase a signi cantly
different sensor setup on the Powerbot platform and we wexeefore not able to use
the SVM-model generated for the Pioneer robot. Instead,emerded a training set of
12,153 grass and 10,448 street samples by placing the rmobonit of at areas contain-
ing only street and only vegetation. This method is only egalle if such training data
can be gathered and thus should be considered inferior teeffisupervised approach
described in Section 6.4.

The results of the mapping experiment can be seen in Figliée B comparison to the
aerial view of the campus site shown in Figure 6.15, the nrappasult achieved by our
approach is highly accurate. Even small amounts of vegetdtr example between tiles
on a path, can be identi ed. To quantitatively evaluate tbeuaacy of the resulting map,
we used the aerial view and our own knowledge of the environiteemanually mark
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Figure 6.15: Aerial view of the computer science campus in Freiburg. Estimatet trajectories
are shown for the training (top, yellow) and the test set (bottom, red)alarage
courtesy of Google Maps, Copyright 2008, DigitalGlobe.

I detected vegetation 10 m
[] detected street

Figure 6.16: Mapping a large outdoor environment. The laser was tilted & angle of 20
degrees while the robot was moving. The gure shows a 2D projectioneoBih
map.



170 CHAPTERG: IDENTIFYING VEGETATION FROMLASER DATA

| detected grass 10m
[] detected street

] grass
obstacles

¥~ gravel

shortest path

Figure 6.17: The task of the robot was to reach the goal without trageveigetation. No prior
map was given to the robot. The robot reliably avoided the vegetatedlayresing
our vegetation classi er and traveled over the paved streets to reaclo#the The
output of the classi er is shown in dark green (vegetation) and blueg3twéhile we
highlighted the remaining areas that contain vegetation in light green. Thedrgjec
of the robot during the experiment is depicted in red.

wrongly classi ed cells. Of a total of 271,638 cells (75,628 etation and 196,016 street
measurements), we found 547 false positives and 194 fagstimes. This corresponds
to a precision of 99.23 % and a recall of 99.74 %. This resuwivshthat our vegetation
classi er in combination with our mapping approach is ablelentify vegetation in large
environments.

6.9.4. Autonomous Navigation Using a 3D Scanner

As mentioned above, the Powerbot robot cannot safely saveegetation. To show
that our approach improves the navigation capabilitiefisfrobot in environments that
contain vegetation, we conducted the experiment illustian Figure 6.17. Here, the
robot was told to autonomously navigate to a goal positioa distance of 80 m and to
avoid vegetation while it was driving there. Without knoddge about the speci c terrain,
the shortest obstacle-free path would have led the robosaa large area containing
grass. Since the robot did not have a map, it explored the@mwient in the process
of reducing its distance to the goal location. It created @ mifathe environment and

detected vegetation using our approach. The resultingctiajy is shown in Figure 6.17.
The robot chose a safe trajectory along the street by camsipiéne classi cation results
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in the path costs computed by its navigation system. It ssfaly avoided areas that
contain vegetation and an area that contains loose gravehvidrovergrown by grass
was also avoided.

6.9.5. Autonomous Navigation Using a Fixed-Angle Sensor

We conducted an extended autonomous navigation expertmshow that our system is
able to guide autonomous vehicles during a navigation taskrge-scale environments.
In this experiment, we used a custom-made platform depiat&dgure 6.13 (right). It
was designed for urban navigation within the project EURQ@RA we will refer to this
robot as the EUROPA platform. Itis equipped with a SICK LMS 1134t is mounted at a
xed angle and additionally uses a horizontally mountedye@mder to detect obstacles
(the sensors are shown in Figure 6.9). The robot was steeaiadatly along a trajectory
of approximately 7,500 m across the Freiburg computer sei@ampus and neighbor-
ing areas to obtain a map of the environment. The mapped ackales the computer
science campus, urban areas, and the park of the Universitiydsll Center Freiburg. In
addition to this, a set of example measurements of vegatatid non-vegetation was col-
lected to train our laser-based classi er. Since the EUR@RA&orm is not able to safely
traverse grass, we recorded this training set by placingdiibet in front of grassland and
alongside a street. We then trained the classi er and aphjitlie» classify the previously
collected data. Our approach accurately identi ed veg@taand a visualization of the
resulting map can be seen in Figure 6.18.

After the map was created using our approach, we carried roautonomous navi-
gation experiment that is summarized in the same gure. Hs& bf the robot was to
navigate from a given start to a given goal location usinggteviously created map.
During this task the robot used its horizontal laser scatméscalize itself. The trajec-
tory that the robot followed is shown in red. At the beginnwfgthe experiment, the
robot was located on the computer science campus in theftopf e map. The target
position was located in the park area in the lower right pathe map and the shortest
path would have led across large areas covered with vegeta®y taking into account
the classi cation result of our approach, however, the tokas able to plan a feasible
and safe path towards the goal location. The robot then aatoansly traveled a total
distance of approximately 1,120 m and successfully reatiteedoal location.

6.9.6. Resource-Friendly Classi cation with Linear Discriminant
Analysis
In this section, we compare the SVM-based classi er intieetliin Section 6.3 and the

linear classi er using LDA for dimensionality reduction &stroduced in Section 6.8.
We compared both approaches with respect to runtime ansli ciason accuracy. For
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Figure 6.18: Visualization of a map of a large-scale environment and thi odur vegetation
detection algorithm. Areas classi ed as vegetation are shown in green whiddobk
surfaces are shown in blue. Magni ed views of selected areas in thieanvent are
shown in rectangles. Using this map, the EUROPA robot autonomously tediga
along the path shown in red. The robot traveled a distance of approximat@§ m.
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Table 6.2: Comparison between the SVM-based and the LDA-based dessi
precision| recall || precision| recall
(SVM) | (SVM) (LDA) | (LDA)
LMS 151 99.7% | 100% 99.1% | 99.8%
LMS 291 99.9% | 100% 99.4% | 100%
UT™M 99.9% | 99.9% 96.3% | 99.8%

evaluation, we used labeled data that we recorded with tifleszent laser scanners: a
SICK LMS 291-S05, a SICK LMS 151, and a Hokuyo UTM 30LX. We diuideach
dataset into a training dataset containing 2,000 randoartypded data points and a test
dataset containing all the remaining data points.

First, we compared the runtimes of the SVM-classi er and tB&-based approach.
In our experiments on a regular desktop computer, the LDgetlapproach was around
400 times faster than classi cation using the support vestachine. As expected, the
LDA-based approach is computationally less demanding lamslis useful for resource-
constraint systems or for robots that run a fairly large nends processes.

Next, we compared the classi cation accuracy of both apginea. The results are
depicted in Table 6.2. On the SICK LMS 151 data set the LDA apgndiad a recall of
99.1% and a precision of 99.8% whereas the SVM-based ckadsad a recall of 99.7%
and a precision of 100.0%. For the SICK LMS 291 dataset, the 1bBsed approach
yielded a recall of 99.4% and a precision of 100.0% whereas$ie of the SVM resulted
in a recall of 99.9% and in a precision of 100.0%. When applethé Hokuyo UTM
30LX dataset, the LDA-based approach reached a recall @8@&nd a precision of
99.8% while the SVM-based classi er gave a recall of 99.9% amprecision of 99.9%.

The results show that the classi cation of both classi es$ighly accurate. However,
in all our experiments the SVM-based approach outperfoimsLDA-based method.
When analyzing the error, we observed that most of the misictasion of the LDA-
based classi er occur at measurements in a range of up to Amutbnomous systems,
however, close-range terrain predictions are criticalt@fcient navigation: To ensure
the safety of the vehicle, the path planner has to avoid tsavg any vegetation. In
this way, false terrain predictions can lead to detours aypdamned halts. Therefore, if
ef ciency and safety of the system are key requirementsS¥iM-based system should
be preferred in online navigation tasks.

6.10. Related Work

There exist several approaches for detecting vegetatoon faser measurements using
geometric features. WoHt al. (2005) present an approach that analyzes scans from a
tilted laser scanner to differentiate navigable (e.geetdrfrom non-navigable (e.g., grass)
terrain. They use hidden Markov models and their main feaftoir classi cation is the
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variance in height measurements. In contrast to the appnoeasented in this chapter,
they do not address the problem of classifying 3D point céoidthe surrounding of

the robot. Other approaches analyze the distribution of 8@peints in a sequence of
scans (Macedo et al., 2001; Hebert and Vandapel, 2003; dalehal., 2006). However,
at vegetation, such as a freshly mowed lawn, cannot be bligetected using this

feature alone.

It seems intuitive to use color cameras to detect vegetatitime environment. Man-
duchi (1999), for example, uses a combination of color antute features to detect
grass in camera images. The main drawback of using cameres they are sensitive to
lighting conditions. Shadows, for instance, can have agtio uence on the appearance
of vegetation. A more robust classi er can be derived ushmgNormalized Difference
Vegetation Index (NDVI). This value is based on the differemetween red and near-
infrared light re ectance and is a strong indicator for thhegence of vegetation, see (My-
neni et al., 1995) for a discussion on this topic. On a molmlgot, the NDVI can be
determined using a calibrated combination of a regular anidfeared camera (Bradley
et al., 2007) or a single camera that uses a Iter mask to catath frequency bands at
different positions on the same sensor (Zhao et al., 2018jortuinately, such a sensor
setup is rarely available on a mobile robot and, being a pas&nsor, still depends on
ambient light.

A combination of camera and laser measurements has beetousstdct vegetation in
several approaches (Manduchi et al., 2003; Wellington.e2806; Bradley et al., 2007;
Douillard et al., 2008). In a combined system, Wellingétral. (2006) use the remission
value of a laser scanner as a classi cation feature in amdit density features and cam-
era images. However, they do not take into account the depeygdf remission values
on the measured range and incidence angle. Probably duesttath they found the
feature to be only "moderately informative”. In contrasthat, we showed in our work
that remission is highly informative if it is considerednty with the measured range
and the incidence angle of the individual laser beams. Theoagh that is closest to our
approach has been proposed by Braaiegl. (2007). Vegetation is detected using a com-
bination of laser range measurements, regular and nearéodf cameras. Vegetation is
recognized using the NDVI computed from both camera imagedaser measurements
of the environment are projected into the camera imagesasgscer is then trained us-
ing the vegetation feature and features from the distoudf 3D endpoints. According
to the authors, the approach yields a classi cation acguodap to 95%. This approach,
however, requires sophisticated camera equipment. Imaginb combined systems that
make use of laser measurements in addition to camera sysianepproach uses a laser
scanner as the sole sensor. Using our approach, we achiegsdaation results with an
accuracy of over 99% in all our experiments. Furthermore sgatem is independent of
lighting conditions and can be used on a variety of existoigpt systems that are often
already equipped with a laser range nder.
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Terrain types have also been classi ed using vibrationsenSadhukhan et al., 2004;
Brooks et al., 2005; DuPont et al., 2005; Weiss et al., 2008)thése approaches, a
robot traverses the terrain and the induced vibration issomea using accelerometers.
The measurements are usually analyzed in the Fourier dor8anthukharet al. (2004)
presented an approach based on neural networks. A simpaoagh was presented by
DuPontet al. (2005). Brooks and lagenemma (2005) use a combination otipeh
component analysis and linear discriminant analysis testha terrain. The approach
presented by Weisst al. (2006; 2007) uses support vector machines to classify tulra
patterns. Vibration-based approaches typically offehlyigqccurate classi cation results.
The drawback of such methods is, however, that only theiteuraderneath the robot can
be classi ed. It is not possible to predict the terrain typehe surrounding of the robot.
Thus, this information cannot be integrated directly irfte path planning system of a
mobile robot.

Self-supervised learning has previously been used by Raiplet al. (2006) in a
vision-based road detection system. Here, laser measuotgare used to identify nearby
traversable surfaces. This local information is then usddliel camera image patches
in order to train a classi er that is able to predict travéuifity in the far range. In our
approach, we adopt the idea of self-supervision to gendéambtded training data. We
apply a vibration-based classi er to label laser measurgmeecorded by the robot. This
labeled dataset is then used to train a laser-based veget#dissi er.

6.11. Conclusion

In this chapter, we presented a novel approach to vegetdittion that uses the remis-
sion values of a laser scanner. Laser remission values depethe surface re ectivity
as well as on the distance and the angle of incidence. Thisndigmcy has not been
considered by previous methods that detect vegetation.a@pnoach trains a classi er
based on individual laser measurements consisting of théess@n value, the distance
to the surface, and the angle of incidence. Our method istaléstinguish vegetation
from drivable surfaces such as streets. To predict theeye, we use a support vector
machine (SVM). We avoid the need to label training data méybg labeling sets of
example measurements in a self-supervised fashion by noéangre-trained vibration-
based terrain classi er. In addition to the system baseduppart vector machines, we
presented a classi cation approach based on linear digtaimh analysis (LDA). This
system is around 400 times faster than the SVM-based agpaat is especially de-
signed for robots with limited computational resources.Bapproaches have been im-
plemented and evaluated in various real-world experimedis experiments show that
the SVM-based approach is able to accurately detect lowssgike vegetation with an
accuracy of close to 100%. The classi cation method baset@A achieves accurate
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predictions but in our experiments they were up to 4% worse tiesults of the SVM-
based approach. In further experiments, we demonstragdcattionomous robots are
able to navigate ef ciently and safely in structured outdeavironments using our ter-
rain classi cation method.



Chapter 7
Discussion

In this thesis, we presented several innovative technitpgisenable teams of robots
to explore and map environments more ef ciently. When teamsobots explore an
environment, there are two fundamental challenges that ttebe addressed. The rst
challenge is the coordination of the team, in other wordsigagng actions to robots so
that the ef ciency of the team is maximized. The second @maglk is model estimation,
the task of generating a map of the environment.

7.1. Contributions

With respect to robot coordination, we identi ed two opesearch questions: How can
semantic knowledge about the environment be utilized taawg multi-robot systems?
And how can heterogeneous teams of robots be coordinatepfly? In the rst part
of this thesis, we presented novel coordination approatttaaddress these questions.

In Chapter 2, we considered the question of how a team of @rgloobots can make
use of information about the structure of a building. Knadge about structurally im-
portant regions, such as rooms and corridors has not beedeoed by previous coor-
dination approaches. In typical environments, howeveltiple exploration targets are
often generated in the same room or corridor. This led toscesehich several robots
explored the same room or corridor. We presented a coordinggchnique that makes
use of structural knowledge to assign robots to separaienggf the environment. Our
approach partitions the map of a partially explored bugdirto regions such as rooms. It
then clusters exploration targets in the regions and assajots to those regions instead
of assigning them to exploration targets directly. Apptyithis coordination strategy
leads to a balanced distribution of robots in the buildingour experiments, we could
show that our approach outperforms an approach that doeonsider the structure of
the building.
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In Chapter 3, we presented an approach to coordinate heteroge teams of robots
in which the robots are able to perform actions that go bey@wigation. For instance,
robots might be equipped with manipulators to open doorthey could be able to de-
ploy other robots. Such symbolic actions stand in contm@stavigation actions that
move robots to a given goal position. We presented a techrtigeoordinate teams of
robots that integrates a symbolic planning system and aimpath planner. This com-
bination allows our system to consider planning problenas iticlude symbolic actions.
To coordinate a team of robots, we generate a symbolic geiseriof the current state
of the system and of the goal state. These descriptions ssrugut to the symbolic
planner. To solve the coordination problem, the symbolemper uses the path planner
to ef ciently estimate travel costs for the robots. In c@strto cost-based coordination
approaches, our system is able to explicitly plan for thecetien of symbolic actions.
Still, the use of action costs that are determined by thetrolpath planner allows us
to generate time-ef cient solutions. In this way, our apgcb combines the strength
of cost-based coordination approaches with the exibitifysymbolic planning systems.
We applied our approach to two settings. First, we consdiezams of exploring robots
that were able to deploy and pick up smaller robots. Secomdsimulated a disaster
scenario in which the task was to clear blockades and to penfoe-de ned actions at
certain critical locations in the environment. Our cooadian approach successfully co-
ordinated the robots in both scenarios and outperformeddtielextensions of numeric
coordination approaches.

In the second part of this thesis, we addressed open questithe eld of map estima-
tion. Speci cally, we presented solutions to the problentofmbining maps of multiple
robots into one joint map, we presented an approach to eftienap 3D environments,
and we introduced a robust technique to identify vegetatiautdoor environments.

In Chapter 4, we presented an approach to simultaneousZatiah and mapping
(SLAM) with multiple robots. The task of mapping the envinsent with a team of
robots can be rephrased as a divide-and-conquer problethe Imst step (divide), the
mapping problem is distributed among the robots and eaatt suives a so-called local
mapping problem. In the second step (conquer), the teamiocesithe local results into
a joint solution. If no global estimates of the robot posisare available, the conquer
step entails a data association problem. The team has tofydecations that occur in
more than one of the local maps. We presented two methoddvie e data associa-
tion problem in distributed systems. The rst approach catep associations between
grid maps while the second approach associates parts ohikdnaps. Our grid-based
approach applies Monte Carlo localization and performsajlpbse estimation. By lo-
calizing one robot in the map of another robot, it associptestions in multiple grid
maps. The second approach aligns maps of landmark positlbeemputes a Delau-
nay triangulation of the maps and then searches for simmlangles using geometric
features. Matching triangles are then used to computewel@ansformations between
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pairs of overlapping maps. The algorithm has an average etatipnal complexity of
O(nlogn) and is among the fastest approaches that solve this partiptoblem. The
results of our evaluation showed that alignments betweginidual robot maps can be
determined robustly and that consistent global models stienated by our approach.
We successfully applied the grid-based approach to thdgarobf mapping multi- oor
buildings, where each oor was mapped independently. Wepmded relative transfor-
mations between the individual oors of a building and instiway generated multi- oor
maps that were more accurate than those obtained with aasthBUAM approach. The
experiments also showed that using constraints computetdrrap associations can im-
prove the overall accuracy of the model. Inter-graph camnsts allow to mitigate errors
that are present in one graph using information from othaplgs that correctly model
the corresponding part of the environment.

An ef cient method to generate three-dimensional maps wasgnted in Chapter 5.
While techniques exist to estimate large 2D maps, there idfactiwe extension of these
methods to the case of 3D mapping. For example, 2D grid mapwell suited to map
large planar environments but the large memory requireraeB®D grid maps limits
its use in real-world applications. We presented an ef tigpproach to generate 3D
maps which are compact, probabilistic, and which can be dseittg 3D exploration.
We make use of probabilistic state estimation techniquédsefnient data structures to
achieve these goals. Our approach is able to integrate atarhultiple robots or sen-
sors. As one of the key contributions, we presented a Icsshep compression method
to keep 3D models compact. The maps we generated in our éealveere as small
as 8% of the size of a 3D occupancy grid. We furthermore addrethe question of
how semantic information can be incorporated into 3D maps pygsented an approach
that uses knowledge about supporting planes to construetrarbhy of 3D maps. Our
approach maintains a tree of independent 3D submaps thasedlon a user-de ned
spatial relation. In this way, the hierarchy is able to ercddpendencies in the environ-
ment, for example, objects that are supported by planes. @a@dgo a single global
map, our hierarchy of maps offers two main advantages. , Firstmapping parameters
such as the resolution can be adapted for each submap. Sestdimdaps can be ma-
nipulated independently. For example, one can represeudli objects in submaps
and then transform these object maps independently fronsdeee background. Our
evaluation showed that in a tabletop scenario a hierarchgagfs consumes about one
order of magnitude less memory than a single 3D map and tadti¢harchy can also be
updated signi cantly faster. Moreover, we showed that thedrchy is able to adapt to
changing environments. In addition to that, we presentaedfarmation-driven approach
to autonomously generate hierarchical maps of tabletops.

In Chapter 6, we present an approach to detect vegetatiotrultiieed outdoor envi-
ronments, such as parks or campus sites, large areas amecoftered with grass. Our
approach reliably detects at vegetation from remissioluga of laser scanners. To pre-
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dict the terrain type, it uses a support vector machine. Tpetito this classi er are
individual laser measurements consisting of the remisgabme, the distance to the sur-
face, and the angle of incidence. In contrast to previousagmbhes, we take into account
the dependency of the distance and the incidence angle dastreremission value. We
presented a self-supervised training technique that upes-@mained vibration-based ter-
rain classi er to generate training data for the laser-bagassi er. In our evaluation, we
showed that our approach is highly reliable and achieveccanracy of more than 99%.
We applied our classi er to improve traversability estiesin structured outdoor envi-
ronments. In our experiments, we showed that vehicles tat hot been designed to
drive on vegetation are able to safely navigate in such enments using our approach.

All of our approaches have been evaluated extensively drapptoaches have been
tested successfully in real world experiments. We cootdoha team of real robots that
explored an of ce building using the approach introducedimapter 2. To coordinate
a team of real robots during a task that involved symbolitoast speci cally remov-
ing an obstacle from a passage, we applied the approachnpedse Chapter 3. The
data association modules introduced in Chapter 4 were apdiéhe problem of map-
ping real-world buildings and to the problem of mapping a@éaoutdoor environment
that contained sparse features. Our ef cient 3D mapping@ggh, introduced in Chap-
ter 5, was used to model a number of environments using ddétaa with real robots.
Finally, we conducted extensive real-world experimentsvialuate our approach to de-
tect vegetation. Our experiments show that the approadesemied in this thesis not
only advance the theoretical state-of-the-art but that ta be applied under realistic
conditions.

7.2. Future Work

The approaches described in this thesis allow teams ofsabahap environments more
ef ciently. However, multi-robot systems continue to affehallenges and research op-
portunities. In the following, we will describe possibleadte research directions.

7.2.1. Multi-Robot Coordination

In Chapter 2, we improved robot coordination by analyzingsinecture of indoor envi-
ronments. In future work, additional sources of semantmkedge could be considered.
Robots could, for instance, infer the typical use of rooms btecting objects. This
would allow robots to learn distributions of the expectedlexation area in such a room.
For example, a restroom (detected from a towel rack) is ssalall while a warehouse
(detected from a storage shelve) can be large.

Our segmentation-based coordination approach has bekm®dawith teams of two
to eight robots. If teams were considerably larger, for gxauif they included hundreds
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of robots, then there would often be more robots than redehaoms in a building.
In such cases, one would have to employ further strategiestabute robots in the
building. Future work could therefore develop strategeedistribute large teams so that
the overall ef ciency is maximized.

When teams of robots explore an environment, they usuallly @ampulti-robot SLAM
approach to generate a joint map. If no global positionirigrmation is available, the
maps of the individual robots need to overlap to solve tha dasociation problem we
discussed in Chapter 4. This poses a challenge to the cobatdirgpproach since it
involves a trade off between exploring new areas and erganroverlap between robot
maps. It would be interesting to evaluated whether intradyucorresponding symbolic
actions would lead to an advantage over purely numeric @gpes.

Furthermore, it would be interesting to consider hetereges teams of exploring
robots that consist of ground robots, ying robots, or rabditoats. One would have to
answer questions such as: How do exploration targets battiese groups of robots
relate? Which are the relevant costs and utilities of the tolaod how can they be
compared? How can a joint map be estimated in such teams?

In the context of disaster recovery, future work should adgimixed teams of humans
and robots. A coordination approach such as the one proposi#tapter 3 could provide
assistance to the humans while ensuring autonomous apewdtihe robots. This set-
ting would most likely also include feedback from the humgerats and humans would
be able to override robot assignments based on their assessithe situation. The
challenges of mixed teams will most likely center around oamication: How can in-
formation from the coordination system be accessed by theahueammates? How can
humans ef ciently alter assignments, set out orders to ¢hets, or introduce new target
locations?

7.2.2. Model Estimation

In this thesis, we presented techniques to associate magevefal robots to generate a
joint map estimate. These techniques are not speci c to thidmbot case we evaluated.
They could also be employed by a single robot to identify jnesly visited locations
during SLAM.

We evaluated our data association methods in the conteX? ofi&ping with several
robots. An interesting future research question would e fooextend our approaches
to the case of 3D mapping. For example, it might be possibd@pby global localization
techniques to associate 3D maps. Landmark- or featuredtzggmoaches could also be
applied in 3D, for instance, following up on 3D place recaigm systems such as the
approach introduced by Stedstral. (2011).

We presented an ef cient method for 3D mapping. However, method requires
state-of-the-art CPUs to update maps with high-resolumsars in real-time. In future
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work, it would be interesting to explore the possibilitieflsnaulti-core systems. In our
proposed hierarchy of 3D maps, each map can be updated mitaméy which enables
parallel updates. Furthermore, recent generations of Gffgs exciting opportunities
in the case of read-only queries of 3D maps. Especially 3@lipation systems could
pro t from the possiblilty of performing hundreds of raystang operations in parallel.

3D segmentation techniques that are based on the distanbgeefs surfaces are prone
to errors when objects are in contact with each other. Fomela a cup on a saucer
would be treated as the same object instead of two separasbAn interesting exten-
sion for table-top mapping systems would be to verify the 8@nsentation by manipu-
lating objects. For example, a robot that is equipped withaaipulator could grasp the
cup and in this way realize that it is a different object tHa@ $aucer.

To detect vegetation, we classify laser remission measem&sn This exploits the
strong difference in re ectivity between vegetation andhnegetation. However, other
materials also differ in their re ectivity. While the diffence may not be as pronounced
as in the case of vegetation, it might be possible to diffeaémother classes. Metal, for
instance, strongly re ects near-infrared light and so ddaie types of paint. Detecting
such materials would provide valuable information for magpobject detection, or data
association techniques.
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